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CHAPTER 1

Introduction

The increasing embrace of situative, student-centered perspectives on learning in the context of today's

technology-enhanced, K-12 science classrooms, has magni�ed the need to more deeply understand how

students construct knowledge and develop problem-solving skills. As educators and researchers, we face

new opportunities as well as new challenges on how we can support students' learning and problem-solving

processes in these technology-enhanced environments. Science, Technology, Engineering, and Mathematics

(STEM) curricula and accompanying technologies, often developed as part of the wider-spread adoption of

the Next Generation Science Standards (NGSS), must support the capture, evaluation, and presentation of

student learning and performance from multiple perspectives (e.g., conceptual knowledge growth, applica-

tions of practice, and communication skills) and in ways that supportactionablefacilitation by teachers in

line with the intended constructivist curriculum design (Baker et al., 2020; Gomoll et al., 2022).

The �eld of learning analytics has made signi�cant progress in developing and applying cutting edge

technologies that support our understanding of student learning behaviors (e.g., machine learning-based pre-

dictive analytics; Ga�sevíc et al., 2015), provide personalized feedback to students (e.g., intelligent tutoring

systems; Graesser et al., 2012), and visualize performance metrics for key stakeholders (e.g., dashboards;

Tissenbaum and Slotta, 2012). However, as these arti�cial intelligence and machine learning models often

operate from a purely behavioral perspective, an intuition is that applications of these models represent a

return to teacher-centered learning design. Applying these analytics to support constructivist methodologies,

such as problem-based learning (PBL; Hmelo-Silver, 2004), in which students learn through the understand-

ing, knowledge construction and problem solving, evaluation, and communicating solutions of real world

problems, can create situations in which the feedback generated may (1) provoke “lethal mutations” (Brown

and Campione, 1996) in the intended learning design (e.g., by directing students toward single problem-

solving pathway) or (2) inadvertently add labor for teachers by inserting new and unfamiliar work�ows (e.g.,

determining how to translate identi�cation of a conceptual knowledge gap into guidance that gives students

agency in identifying and understanding the needed concept without directly “�lling a gap”). As such, in

order to support PBL approaches such as computational modeling and engineering design in K-12 science

classrooms, a research priority is to develop methodologies that balance our overriding student-centered ori-

entations in education with the behaviorally-driven response systems that AI methodologies are designed to

support, simultaneously preparing teachers for the integration of these learning approaches in their science

classrooms. As much as teachers need support from AI technologies, it is very important to remember that
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teachers need to be an integral part of the iterative instruction and learning loop.

It is within this context that the present dissertation is situated. In particular, this work leverages a partici-

patory design research approach for the co-design of explainable, actionable insights into student learning and

problem solving in computational modeling and engineering design environments, such that there is support

for evidence-based pedagogical responses supported by an accompanying teacher dashboard, built around a

novel methodology for preparing teachers to integrate PBL in their science classrooms.

1.1 Technology-enhanced, Problem-based Learning in K-12 Science Classrooms

The K-12 science classroom is evolving. Coinciding with rapidly-changing technological advancements,

state and national standards have made prominent the need to integrate computing and engineering problem

solving into science classrooms to better prepare our students for future success (NRC, 2014; NGSS, 2013).

Engaging students in these integrated learning experiences promotes interdisciplinary critical thinking and

computer-related skill development (Wing, 2006; Grover and Pea, 2013; Weintrop et al., 2016) and immerses

students in problem-based, socially-relevant inquiry that can promote interest in relevant STEM domains

(NRC, 2012; Hutchins et al., 2020a). This dissertation centers its integrated PBL curriculum on this target

educational need.

Initial work on building technology-enhanced learning environments to support this initiative has been

successful in engaging students with scienti�c inquiry and engineering problem-solving opportunities, in

addition to integrated learning across multiple domains (Weintrop et al., 2016; McElhaney et al., 2020).

In our work, we have not only seen promise in integrating computational and critical thinking strategies

across science, computing, and engineering (e.g., Zhang et al., 2017; Hutchins et al., 2019a), we have also

demonstrated that students can transfer problem-solving skills to new domains following a computational

modeling curriculum (Hutchins et al., 2020a,c).

However, students and their teachers often face signi�cant dif�culties with such integrated curricula,

which warrants further investigation and development to facilitate instruction and learning. From the student

perspective, research has demonstrated students have issues with (1) translating their developing scienti�c

knowledge into computational forms (Sengupta et al., 2013), (2) understanding the mathematical and causal

relations between variables (Sengupta and Farris, 2012; Bolger et al., 2012), and (3) applying key computa-

tional practices (Basu et al., 2016b). More work is needed to improve instruction and support students as they

integrate their developing scienti�c ideas during computational modeling and engineering design.

From the teacher perspective, little guidance is provided on how teachers may support students in meet-

ing the expectations of integrating across disciplines (e.g., NRC, 2014; NGSS, 2013), especially considering

many science teachers do not have computing, pedagogical, and content knowledge for technology-enhanced
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computational modeling of scienti�c phenomena and linking science models to engineering problem solv-

ing (Bocconi et al., 2016; Cunningham and Carlsen, 2014). There is also limited research that examines

how students' STEM knowledge evolves and the dif�culties they face in integrating science, computing, and

engineering concepts and practices throughmultiple linked representations(Hutchins et al., 2021a). Fur-

thermore, there is a dearth of evidence-based, formative assessment approaches to comprehensively evaluate

student learning in these combined domains (Basu et al., 2018). To overcome this, we need to improve

methodologies that link learning performance with scienti�c idea development, model construction, and

problem-solving processes (Zhang et al., 2021). Representing and providing teachers with such evidence-

based feedback, in ways that they can easily interpret and act on, is critical as research has demonstrated

the importance of teacher engagement in students' developing ideas and strategies in supporting integrated

STEM learning (e.g., Robertson et al., 2016; Crismond and Adams, 2012).

1.2 Pedagogically-Supportive Learning Analytics

Learning analytics is de�ned as “the measurement, collection, analysis and reporting of data about learners

and their contexts, for purposes ofunderstandingandoptimisinglearning and the environment in which it

occurs” (Siemens and Baker, 2012, p.2, emphasis added). This framework situates learning analytics as a

promising approach to support teachers in their classroom instructional and assessment activities.

Advancements in technology-enhanced learning environments have provided a plethora of student log

data from a variety of contexts, including programming (Grover et al., 2017), inquiry (Käser and Schwartz,

2020), scienti�c model building (Leelawong and Biswas, 2008; Basu et al., 2013; Hutchins et al., 2020a), and

design (Xing et al., 2021; Vieira et al., 2016) tasks. Learning analytics methods applied to this log data have

supported increasedunderstandingof how learning occurs through the evaluation of student problem-solving

processes, metacognitive strategies, and inquiry or design strategies (Fischer et al., 2020).

Simultaneously, advancements in technology-enhanced learning environments have also spurred the de-

velopment of student and teacher dashboards to present the resulting learning analysis (e.g., Holstein et al.,

2019; Martinez-Maldonado et al., 2016; Prieto et al., 2019; Diana et al., 2017), thereby targeting theopti-

mizationof learning in these environments. However, there is a dearth of evidence on the impact of these

dashboards on pedagogical augmentation and the subsequent impact on optimizing student learning (Wiley

et al., 2020). The development of such pedagogically-supportive analytics that improve student learning

remains a research priority.

In terms of supporting teachers'understandingof learning occurring through technology-enhanced envi-

ronments, limitations exist in the development of learning analytics measures and the subsequent connecting

of these measures to the complex task of providing teachers with actionable insight into the disciplinary-
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substance of their students' ideas, critical-thinking processes, and knowledge development as they work on

their learning and problem-solving tasks (Baker et al., 2020; Wiley et al., 2020). These include:

1. lack of suf�cient analytics measures that leverage students' activity logs to characterize their learning

of domain-speci�c concepts and practices, and present them to teachers in a way that they can develop

actionable interventions to support students (Bakharia et al., 2016; Hernández-Leo et al., 2019); and

2. lack of teacher involvement in the design and development of learning analytics; complexities of data-

driven analytics can make it challenging for teachers to meaningfully contribute to the design and

development process (e.g., Martinez-Maldonado et al., 2016).

In order for a teacher tounderstandandoptimizelearning, the teacher must be able to interpret the learning

analytics presented, and the learning analytics must provide information to support and justify actionable

responses by the teacher (Wiley et al., 2020). Recent efforts have leveraged participatory design approaches

to integrate teacher feedback in the design and development of the learning analytics (e.g., Holstein et al.,

2019; Prieto et al., 2019) and to support improvements in the interpretation and presentation of the learning

analytics to enable actionable responses. These participatory design efforts have:

1. demonstrated improved teacher response to students' developing ideas (Bywater et al., 2019),

2. supported effective pedagogical adjustments that better engage teachers in students' developing ideas

(Wiley et al., 2020), and

3. increased teacher agency in the choice of data visualization methods that improve sensemaking and

interpretation of student data (Ahn et al., 2021).

Thus far, these participatory efforts have not targeted the development of learning analytics and associated

dashboards during open-ended and problem-based learning (Bywater et al., 2021), such as computational

modeling in science. As such, more work is needed to understand how to best design and deploy learning

analytics to support teachers in interpreting and understanding the learning and knowledge development

processes that occur in these contexts.

Finally, given that the majority of science teachers do not have experience in the integration of computing

and engineering (see Section 1.1), consideration must be made regarding (1) the application of participatory

design methods that engage in the experiences, preferences, and concerns of teachers, and (2) the design,

implementation, and visualization of learning analytics that areinterpretableand actionablefor teachers

with limited computation and engineering design experience.
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The empowerment of teachers as drivers of active learning and knowledge construction among their stu-

dents using advanced technology-enhanced, problem-based STEM+C learning environments is critical. This

situation calls for the co-design and development of pedagogical supports that:

1. align with current educational reform efforts (e.g., NGSS, 2013),

2. leverage the unique perspectives and practices of teachers and students (Holstein et al., 2019; Prieto

et al., 2019), and

3. visualize student learning and problem-solving processes in a manner that is interpretable and action-

able to the teacher (Wiley et al., 2020).

To address these points, this thesis establishes three primary goals:

1. the principled, evidence-centered design of the technology-enhanced, problem-based learning envi-

ronment and accompanying curriculum and assessments to ensure alignment with national and state

standards,

2. applications of novel participatory design techniques to integrate teachers' backgrounds and feedback

into the design and development process, and

3. the development of learning analytics and an associated teacher dashboard that help teachers follow

students' progress in their model-building and problem-solving tasks and support effective pedagogical

decision-making and responses that leverage students' developing scienti�c ideas and help students'

advance in their tasks.

1.3 Scope and Contributions of this Dissertation Research

This dissertation leverages a participatory design research approach for the co-design of a teacher dashboard

to support evidence-based pedagogical responses during problem-based computational modeling and engi-

neering design in middle school science. This dissertation research hypothesizes that systematic co-design

and visualization of learning analytics targeting student learning and problem solving when building com-

putational models in science and solving engineering problems while using technology-enhanced, problem-

based learning environments will lead to instructional and learning bene�ts for the teachers and their students.

The research presented in this dissertation has evolved in two primary phases of work, each of which has

produced a number of research contributions.

Phase 1: Understanding Student Learning and Problem Solving in C2STEM and SPICE.The �rst

phase of research addressed the lack of suf�cient assessments and analytics measures to characterize students'
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learning and problem-solving behaviors in technology-enhanced STEM environments. This phase began

with the co-design, development, and evaluation of the Collaborative, Computational STEM (C2STEM)

learning environment and accompanying integrated curriculum and assessments (Hutchins et al., 2020a).

The initial design and implementation of C2STEM, including the development of a novel domain-speci�c

modeling language (DSML) approach for learning through computational modeling in science (Hutchins

et al., 2020b), and the design and execution of fourteen research studies (n > 1200 student participants,

Vanderbilt IRB approved processes conducted; see Appendix B) were performed collaboratively by a research

team that included Vanderbilt University, Stanford University, Salem State University, SRI International, and

ETS researchers. Students used C2STEM to learn by building, testing, debugging, and using computational

models of science processes in Physics, Marine Biology, and Genetics. Analysis of student work, including

computational modeling tasks, log data, summative and formative assessments, and video and discourse data

allowed us to deepen our understanding of how students construct their integrated science and computing

knowledge (Hutchins et al., 2020a, 2019b), communicate their knowledge and processes to collaboratively

problem solve (Emara et al., 2021; Hutchins et al., 2018; Hutchins et al., 2021b; Snyder et al., 2019a, 2022),

apply problem-solving strategies to construct and debug their computational models (Hutchins et al., 2019a,

2021b), and transfer problem-solving processes to solve problems in new domains (Hutchins et al., 2020c).

Additional �ndings can be found in the List of Publications in Appendix A.

Continuing this approach, the Science Projects Integrating Computing and Engineering (SPICE) curricu-

lum was developed and implemented as a collaboration with researchers from Vanderbilt, SRI, University

of Virginia, Digital Promise, and Washington State University. The research team collaborated with four

participating teachers in the design and development of the integrated science, computing, and engineering

curriculum and in completing modi�cations to the C2STEM system. Initial �ndings have allowed us to

deepen our understanding of how computing can serve as a bridge for the integrated learning of science and

engineering (Zhang et al., 2022; Basu et al., 2022), the impact of multiple linked representations on student

learning (Hutchins et al., 2021a), and the roles problem-solving strategies have on learning in each domain

(Zhang et al., 2022). Moreover, results have allowed us to examine methods for automating embedded as-

sessment analysis to support formative feedback (Cochran et al., 2022). This work served as the basis for

identifying student learning and behaviors that may be leveraged and acted upon by teachers to engage in

their students' learning and problem-solving processes.

Phase 2: Co-Designing a Teacher Dashboard to Support Teacher Noticing and Response During

Technology-Enhanced, Problem-Solving in STEM.Leveraging the curriculum, technology, and analysis

from Phase 1, Phase 2 targeted the co-design, development, and implementation of the Responsive Instruc-

tion for STEM Education (RISE) Dashboard to address the lack of methods for meaningfully integrating
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teacher insights and preferences in the design and development of educational technology, and in particular,

learning analytics and teacher feedback tools (e.g., dashboards). This participatory design approach included

three core stages: Needs Analysis and Low-Fidelity Prototyping, High-Fidelity Prototype-Supported Teacher

Professional Development, and Planning Period Simulations with RISE. During this time, we partnered with

9 teachers, 3 with SPICE experience, 1 with C2STEM experience, and 5 with no SPICE or C2STEM experi-

ence. We adapted established human-computer interaction (HCI) techniques to meaningfully collect teacher

insight, needs, concerns, and preferences in the design and implementation of learning analytics and accom-

panying visualizations through the dashboard. This process allowed us to examine (1) visualization needs for

ef�cient interpretation and re�ection, (2) co-construction processes needed for teacher-researcher partners to

be on the “same page” of what constitutes actionable insight to support students' problem-based learning,

and (3) technology resources to transition from interpretation to pedagogical response construction. Finally,

we examined teacher noticing and response of student learning and problem-solving behaviors during this

problem-based, technology-enhanced curriculum by implementing a series of simulations that used prior

student and class data from previous SPICE implementations and co-designed visualizations and feedback

(Hutchins and Biswas, 2022).

In summary, this dissertation contributes to advancing research at the intersection of HCI, AI, and Learn-

ing Sciences in the following ways:

• The use of a system of assessments approach combining summative and embedded assessments to

track students domain-speci�c knowledge and skills across the curriculum.

• The application of quantitative analytical and machine learning techniques to analyze and understand

student learning and problem-solving process development from the log and otherwise captured data

from the technology-enhanced, PBL environment.

• Novel participatory design approaches adapted from established HCI techniques to elicit teacher feed-

back and preferences on feedback and visualizations needed to conduct evidence-based responses dur-

ing PBL throughout the design and development of the teacher dashboard.

• A theoretical understanding of different facets involved in designing actionable insight for teachers,

along with a novel framework for co-constructing actionable insight needed to support students as they

implement technology-enhanced, PBL,

• The use of a novel classroom simulation approach to support and prepare teachers in the implementa-

tion of problem-based, STEM+C learning in science.
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While this proposed dissertation project primarily focuses on a middle school science classroom using a

problem-based computational modeling and engineering design approach, the resulting development strategy

and products have broad application across disciplinary domains, instructional contexts, and teacher and

student populations.

1.4 Organization of this Dissertation

This dissertation is organized as follows. Chapter 2 provides theliterature review covering three related

areas of (1) technology-supported teacher noticing and response (Section 2.1), (2) integrated STEM and CT

learning in K-12 science classrooms (Section 2.2), and (3) learning analytics and pedagogy (Section 2.3).

The previous work conducted in these areas motivates the research presented and the contributions made in

this dissertation.

Chapters 3, 4, 5, consist of thethree manuscriptsresulting from the work completed during this disser-

tation. Background from Chapter 2 may be repeated in relevant background sections of each manuscript.

1.4.1 Manuscript One Summary

Title: Temporal Evolution of Student Learning and Problem-Solving Behaviors During an NGSS-aligned

Integrated Science, Computing, and Engineering Curriculum.

Abstract: Computational modeling offers opportunities for students to explore and develop complex

science and engineering concepts that may be dif�cult to replicate in traditional K-12 classroom environ-

ments. However, limited research has studied how students construct their knowledge and develop their

problem-solving processes when working with curricula that integrate science and engineering concepts and

practices supported by a Computational Thinking (CT) framework. We hypothesize that computation can

serve as a bridge, leverage the connections between science and engineering and promote synergistic knowl-

edge construction and learning across domains. This paper examines the knowledge construction processes

and associated learning behaviors and strategies that students employed during a three-week, NGSS-aligned

integrated middle school curriculum that introduced students to earth science concepts of absorption and

runoff, and scienti�c modeling practices using multiple linked representations. The students then used their

constructed computational models to solve a design problem (designing a school yard that minimizes runoff

after heavy rainfall while meeting cost and accessibility constraints). Formative assessments are interspersed

in the curriculum to support student learning. We apply correlation and Path Analysis to evaluate students'

learning trajectories across science, engineering, and computation, and conduct exploratory cluster analysis

to explore the interactions between domain-speci�c learning and problem-solving. We demonstrate the im-

pact of our novel, technology-enhanced curriculum that supports students' progress in synergistic learning of
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science, computation, and engineering as they progress through the different curricular units.

Status: To be submitted to the Journal of the Learning Sciences.

1.4.2 Manuscript Two Summary

Title: Co-Designing a Teacher Dashboard to Support Evidence-Based Instruction During Problem-Based

Learning in Middle School Science

Abstract: Keeping the teacher engaged during students' learning and problem solving in technology-

enhanced, integrated problem-based learning (PBL) has been shown to support deeper student involvement,

and, therefore, better success learning dif�cult science, computing, and engineering concepts and practices.

However, there are identi�cation and scaling challenges in understanding the impact of PBL on students'

learning processes, as these processes are captured through mouse clicks, drag and drop actions, and other

low-level activities in the computer-based environments. Therefore, students' learning processes and cor-

responding dif�culties are not easily noticed by teachers as students learn from these environments. As a

result, teachers �nd it dif�cult to set up meaningful interactions with students while also maintaining the

focus on student-centered learning. In this paper, we investigate how the creation of classroom instructional-

support technology can provide insights to teachers that are actionable and meaningful in PBL classroom

contexts. However, open-ended and exploratory approaches that form the basis of PBL, and the accompany-

ing complexities of the technologies we develop to support PBL, make it dif�cult for teachers to meaningfully

contribute to the design and development processes that would be needed to generate the support tools that

would help them interpret student learning and generate meaningful support to enhance learning.

This article presents a detailed case study on a multi-step approach to the co-design and development

of a teacher dashboard to support and prepare teachers for implementing a technology-enhanced, PBL cur-

riculum in their middle school science classrooms. This work presents a novel, end-to-end demonstration

of how to engage teachers in the developing and interpreting of learning analytics and visualization systems

that support tracking student performance and learning behaviors in a middle school PBL curriculum, and

a co-design approach to developing the tools that support teacher noticing and the co-construction of ac-

tionable insight into students' learning and problem solving during PBL. Our approach adapts established

participatory design techniques and demonstrates new kinds of prototyping methods to address the unique

challenges of co-designing interpretable learning analytics for PBL curriculum applications. We leverage

conjecture mapping for the design of our teacher dashboard. Our contributions include the teacher dashboard

and descriptions of the co-designed features that teachers found useful for teaching PBL in middle school sci-

ence, prototyping methods that leverage teachers-researcher partnerships in instructional-support technology

design, and a re�ection of how these approaches help inform technology re�nements and innovation.
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Status: Following feedback from my PhD thesis committee, I will submit Manuscript 2 to the Journal of

Learning Analytics.

1.4.3 Manuscript Three Summary

Title: Using Teacher Dashboards to Customize Lesson Plans for a Middle School STEM Curriculum

Abstract: Prior research has demonstrated the importance of teacher engagement in students' developing

ideas and strategies to support their STEM learning. In applications of student-centered learning approaches,

such as problem-based learning (PBL), this engagement poses challenges as teachers must interpret and re-

spond to student progress in ways that target learning and problem-solving needs while also maintaining the

intent of the learning design (e.g., not always address a speci�c knowledge gap through direct instruction).

Technology-enhanced approaches can mitigate these challenges by visualizing student learning and problem-

solving behaviors to support teachers using orchestration technologies such as teacher dashboards. However,

little research has targeted (1) dashboard-supported responsive teaching and (2) what features of the dash-

board teachers �nd useful for teaching PBL, especially at the middle school level. This study examined 8

teachers' use of a co-designed teacher dashboard to assess and respond to students' learning and strategies

during an integrated, PBL STEM curriculum. Teachers completed a series of 5 “planning period simula-

tions” leveraging the dashboard and think-aloud protocols were implemented, supported by semi-structured

interview questions, to enable the teachers to verbalize their thought and evaluation processes. Content

analysis was conducted to analyze the transcripts. This study found that expert teachers made consistent

links between the integrated domains, including leveraging cross-cutting concepts and linking science and

computing practices, and leveraged collaborative pedagogical responses (e.g., pairing students with different

problem-solving approaches) at earlier stages in the simulation process. All teachers focused on responses

that demonstrated productive practices instead of solely targeting content knowledge de�ciencies. Key dash-

board features leveraged by teachers included (1) visualizations that grouped students and showed member

transitions, (2) re�ection tools that supported interpretation and negotiation of potential responses, and (3)

highlighting student and class successes. Understanding how teachers use dashboards to support evidence-

based teaching practices during technology-enhanced curricula is critical for improving teacher support and

preparation.

Status: Following feedback from my PhD committee, I will submit Manuscript 3 to a journal that focuses

on teaching and teacher education.

Finally, Chapter 7 discusses the contributions, limitations, and directions for future work to advance the

present research.
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CHAPTER 2

Literature Review

Engaging in students' developing ideas in a modeling and engineering design curriculum requires that a

teacher notice students' developing scienti�c ideas and problem-solving processes during technology-enhanced

learning and respond accordingly. To do so, a teacher must be able to match the necessary information about

the learning objectives, including target concepts, practices, and potential misapplications, with student per-

formance, system behaviors, and learning progressions. The goal of this research is to facilitate these teacher

moves by providing pedagogically supportive learning analytics that areinterpretableandactionable.

In this literature review, we cover three key areas of research: Responsive Teaching, Integrated STEM+CT

Learning, and Learning Analytics. Figure 2.1 highlights the key successes and gaps in the literature that will

be discussed throughout this chapter.

Figure 2.1: Overview of literature review chapter.

Based on this roadmap, we will �rst provide research on teacher noticing and support in STEM using
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technology-enhanced learning environments. This is followed by a review of the current state of computa-

tional modeling (learning-by-modeling) and engineering design (learning-by-design) in K-12 science educa-

tion, including recent assessment and learning analytics techniques. We will then provide background on how

learning analytics has progressed in supporting teachers in the classroom. The literature review will conclude

with a discussion tying together the needs for teacher noticing, 21st century STEM learning, and learning

analytics dashboards.

2.1 Supporting Teacher Noticing and Response in Technology-enhanced Classrooms

Science and math education reform has led to the promotion of �uid classroom environments that allow for

pedagogical adjustments during instruction (van Es and Sherin, 2002). This pedagogical decision-making

paradigm leverages responsive teaching in which the teacher makes in-the-moment pedagogical decisions

based on what and how students are thinking, assessed through what students are saying or doing (Bywater

et al., 2019; Wendell, 2016; Hammer et al., 2012).

This responsive approach is in contrast to traditional methods, in which lesson plans are predetermined

and direct students' “�ow of thought” (Hammer et al., 2012, p.54). This predetermined, traditional approach

limits student opportunities to develop and assess their own ideas, which is needed for inquiry learning

(Jiménez-Aleixandre et al., 2000) and open-ended learning approaches that include learning-by-modeling

(Wilkerson-Jerde et al., 2015) and learning-by-design (Bywater et al., 2021; Watkins et al., 2018), such as

that targeted in this proposed research.

Attending and responding to the disciplinary substance of student ideas is considered a core teaching

practice in science, math, and engineering (NRC, 2007; Levin et al., 2009; Lampert et al., 2013; Coffey et al.,

2011; Johnson et al., 2017). Responding to student ideas as they unfold in class has proven to:

1. help students engage in science practices (Schwarz et al., 2017),

2. focus student attention on the disciplinary substance of their thought (Robertson et al., 2016; Warren

and Rosebery, 1995), and

3. improve students' conceptual understandings (e.g., Pierson, 2008; Empson and Jacobs, 2008).

This process is akin to formative feedback, providing students information to support adjustments in their

thinking, guide them towards the desired learning goals, and improve knowledge development (Shute, 2008;

Bransford et al., 2000).

However, Van Es and Sherin note that successful applications of responsive teaching requires teachers

to develop new ways to engage in and interpret classroom interactions (2002). The complex, challenging
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practice of responding to student ideas requires that teachers consider and evaluate copious amounts of class-

room information (e.g., student discourse, performance) as well as the intrinsic and extrinsic constraints of

the classroom environment (e.g., learning standards and objectives, time, assessment needs), and make in-

the-moment decisions on what and how to engage in their students' ideas (Bywater et al., 2019; Sherin, 2002;

van Es and Sherin, 2002).

The complexity of this practice can be exacerbated during problem-based computational modeling and

engineering design, as student actions are dif�cult to view and reason about. In our research, teachers have

discussed that a main concern about such integration is that they are no longer able to view and evaluate

student problem-solving actions as they can during a physical lab. These experiences motivate a deeper

understanding of what it means to notice student thinking during technology-enhanced learning and how to

systematically design systems and feedback to support teachers in this process.

In this section, we will discuss what it means to notice and interpret students' developing ideas as they

unfold in class and considerations that should be made to support teacher noticing and response in technology-

enhanced learning environments.

2.1.1 Teacher Noticing

The promotion of responsive teaching has invigorated a growing amount of literature to better understand

teachers' noticing and responses to the disciplinary substance of student thinking (Walkoe et al., 2017; Sherin

et al., 2011), and how to adequately support teachers in this process (Baker et al., 2020; Bywater et al., 2019).

Noticing, or identifying and interpreting the substance of students' developing ideas, is a critical, initial

component of responsive teaching (Jacobs et al., 2010; Hammer et al., 2012). This includes “what teachers

identify as important during classroom learning; what connections teachers make between speci�c classroom

events and broader pedagogical ideas; and what contextual information can be used to reason about the

speci�c classroom events” (Bywater et al., 2019, p. 17). Effective application of this process allows for

teachers to decide how to best respond to their students' ideas (Jacobs et al., 2010). Moreover, the continuing

attention to and evaluation of student thinking during class has been shown to positively impact student

learning and the teacher's pedagogical decision making (Cowie and Bell, 1999; Hammer, 1997).

Van Es and Sherin discussed three key elements of teacher noticing:

1. identifying what is important about the classroom interaction (i.e., determining what information de-

serves further attention),

2. leveraging one's understanding of the context and classroom environment to reason about the interac-

tion (i.e., using knowledge of the subject matter, the students, and the classroom context to evaluate the
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evidence of the information presented), and

3. connecting speci�cs of the classroom interaction to broader teaching and learning ideas represented

(i.e., deducing how a speci�c interaction is an example of a more general principle of teaching and

learning) (2002).

Combined, these features require teachers to integrate multiple sources of information (e.g., subject-matter

knowledge, classroom context, their understanding of how students think about the topic) in order to reason

about the classroom interaction. For instance, in mathematics, it has been shown that a key factor in increasing

a teacher's ability to notice developing mathematics ideas is the development of a teacher's own Mathematics

Knowledge for Teaching (MKT; Ball et al., 2005) in order to (1) increase their understanding of the diversity

in student approaches and (2) understand how to scaffold students towards the lesson goals (Ball et al., 2009).

Effective noticing can be challenging for teachers (Sherin, 2002). As mentioned previously, teachers need

to grapple with multiple competing goals and constraints as well as information sources (Sherin, 2002). In

addition, research in math education demonstrates that teachers struggle to attend to the diversity of students'

developing ideas in the classroom (e.g., Sherin et al., 2011).

These dif�culties have also been seen in science instruction (Barnhart and van Es, 2015) and more recently

during applications of engineering design (Watkins et al., 2018). For instance, effective teacher noticing

and guidance in learning-by-design environments requires that teachers understand and notice the different

strategies employed by students (Crismond and Adams, 2012). However, in engineering design, students are

likely to have unique solutions and their paths for reaching their solutions may differ signi�cantly, creating

challenges for teachers to effectively notice and respond (Wang et al., 2011; NRC, 2014).

Finally, professional development efforts have been implemented to promote and support effective notic-

ing and response to student ideas in STEM. These methods include:

1. the implementation of video analysis sessions with teachers (Johnson and Mawyer, 2019; Hammer and

van Zee, 2006; Sherin and Han, 2004),

2. applications of interpretive frameworks of students' ideas (Furtak and Heredia, 2014), and

3. the development of pedagogical tools and strategies (Windschitl et al., 2012)

Furthermore, collaborative teacher inquiry into students' work has allowed teachers to work together to notice

and interpret student work and discuss pedagogical responses, supporting their skills in responsive teaching

(Little et al., 2003). These approaches provide a baseline for preparing and training teachers for teacher

noticing during a our curriculum.
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2.1.2 Technology-Supported Teacher Noticing

Research on teaching with technology has focused primarily on teachers' use of technology, including

their competency with and beliefs about how and when to use technology in their classrooms (e.g., Mishra

and Koehler, 2006). Recent work has explored curriculum and assessment design and modi�cations with

technology-enhanced learning environments (Kali et al., 2015). However, limited research has explored

teacher noticing of students' developing ideas while students use technology and there has been limited im-

pact of teacher noticing on the design and implementation of K-12 classroom technology (Walkoe et al.,

2017).

Technology-enhanced learning environments provide new opportunities for students to engage in authen-

tic science practices (e.g., NGSS, 2013) and generate explanations of their developing STEM knowledge

(Bywater et al., 2019; Slotta and Linn, 2009). Students' interactions with the technology can afford a unique

perspective into the progression of student knowledge and thinking as they engage with computing tools

(Noss and Hoyles, 1996) and the type of thinking the students express using these tools are often those pro-

moted by the recent state and national standards (Walkoe et al., 2017). For instance, we have leveraged

student activity data during modeling to evaluate student debugging and data analysis strategies during com-

putational modeling (Hutchins et al., 2019a; Emara et al., 2020). This will be discussed in more detail in the

Section 2.2.2.

Although these environments have the potential to support responsive teaching (Bywater et al., 2019),

teacher noticing dif�culties may be increased when students use problem-based compuational modeling en-

vironments due to (1) teachers' limited background in computing, programming, and teaching using technol-

ogy (Bocconi et al., 2016), (2) the decreased visibility of student thinking, as it is now applied through mouse

clicks and other user-interface interactions and, therefore, not easily or readily apparent to the teacher (an

important feature of lesson design to support teacher noticing; e.g., National Council of Teachers of Mathe-

matics, 2014), and (3) software constraints or user-interface dif�culties that may impact teachers' abilities to

adequately respond to student thinking or issues (Walkoe et al., 2017).

As an example, a teacher in one of our studies expressed the desire for the system to provide students feed-

back on potential user-interface dif�culties, while letting the teacher focus her attention on student processes

and potential domain-speci�c knowledge misunderstandings. For instance during physics computational

modeling, students may inadvertently choose a “set x position” programming block instead of a “change x

position” block because the blocks are close to each other in the list of available blocks and the student does

not understand the difference between setting (i.e., initializing) a variable value versus changing (i.e., updat-

ing) the variable value. If the student is under the impression they selected the correct block and debugging
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processes do not work, it may be time consuming for a teacher to read through the students' code line-by-line

to check.

Finally, while these environments support key processes highlighted in state and national standards, these

strategies are often not engaged in by teachers during instruction (Walkoe et al., 2017). As such, more

research and development is needed to leverage action data to provide teachers the necessary feedback to

employ the bene�ts of effective teacher noticing and response.

In this proposed research, we are interested in increasing our understanding (1) how to design problem-based

computational modeling and engineering design learning environments in a manner that supports responsive

teaching and (2) how teachers can then use learning analytics generated by analyzing student work in the

environment to notice and respond to the disciplinary substance of student thinking and problem-solving

processes during open-ended learning, speci�cally during learning-by-modeling and learning-by-design.

These open-ended tasks provide a unique opportunity to examine the effectiveness of learning analytics

to provide teachers with information on student idea development and problem-solving processes in a man-

ner that isinterpretable(teachers are able to identify the important disciplinary substance in student action

sequences) andactionable(teachers have opportunities to respond or provide formative feedback to students

to guide them towards the learning goals). In the next section, I will discuss these curricular approaches in

more detail.

2.2 K-12 STEM Classrooms

The Framework for K-12 Science Education and the Next Generation Science Standards (NGSS) calls for

the integration of science and engineering in K-12 classrooms have highlighted a need to provide authen-

tic learning experiences that better prepare students to succeed in the 21st century. The open-ended nature

of these activities, such as computational modeling and engineering design tasks, provides a unique oppor-

tunity for students to explore and represent their developing scienti�c ideas. In these open-ended learning

environments, students are given speci�c problem-solving tasks, but they are free to choose their approach

to learning and problem solving. In this section, we will discuss the importance of integrating computation

and engineering into K-12 science classrooms. We will provide background on learning-by-modeling and

learning-by-design in K-12 science classrooms, the bene�ts and dif�culties for students and teachers, and

progress on assessments and analytics that are supportive of feedback on student knowledge construction,

ideas, and problem-solving processes.
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2.2.1 Integrating Science, Computing, and Engineering

Wing (2006) spurred researchers, educators, and policymakers to introduce computational thinking (CT) and

computer science (CS) as “a universally applicable attitude and skill set” oriented towards designing and

�nding solutions to problems using computational mechanisms (Wing (2006), p. 33). These skills include

(among others) logical and algorithmic thinking, abstraction, problem decomposition, pattern recognition

and generalization, and debugging (systematic error detection and resolution) (Hutchins et al., 2020a). The

2012 Science Framework (NRC, 2012) also acknowledged the multiple connections among STEM and CT

domains— “more and more frequently, scientists work in interdisciplinary teams that blur traditional bound-

aries” (p.31)—, and “consider connections among science, technology, engineering, and mathematics” (p.32).

For example, the Science Framework identi�es Using Mathematics and Computational Thinking as one of

eight scienti�c and engineering practices that K-12 students should learn. Mandates for an education that

prepares learners for life and work—and speci�cally STEM and CT work—for the 21st century, as well

as progressive standards for STEM subjects re�ect this integrated STEM perspective (Grover and Pea, 2018;

NGSS, 2013). The leveraging of these key STEM and CT integration bene�ts has been actualized through the

use of learning-by-modeling and learning-by-design pedagogical approaches (e.g., Hambrusch et al., 2009;

Weintrop et al., 2016; Hutchins et al., 2020a; Chiu et al., 2019).

With respect to learning-by-modeling, integrating CT and scienti�c modeling can be synergistic (Hutchins

et al., 2020a; Snyder et al., 2019b), i.e., supportive of each other along multiple dimensions, by:

1. lowering the learning threshold for science concepts by reorganizing them around intuitive compu-

tational representations that introduce discrete and qualitative forms of fundamental laws, which are

simpler to understand than equation-based continuous forms (Redish and Wilson, 1993; Sherin, 2001);

2. studying a phenomenon as a discrete time process, where behavior advances in a step-by-step fashion

is easier for students to comprehend when compared to continuous dynamics (diSessa, 2001; Hutchins

et al., 2020a; Sherin, 2001);

3. representing programming and computational modeling as core scienti�c practices, such as modeling,

veri�cation, and explanation (Soloway, 1993);

4. contextualizing computational constructs in order to make it easier to learn programming (Papert,

1991).

For example, in terms of computational representations of science phenomena, having to specify how to split

things up (e.g., separate upward and downward motion for a projectile �red upward, and make decisions,

such as, when the projectile hits the ground traveling downward, should it stop, and its velocity be set to 0,
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instead of continuing to allow it to decrease?) helps make assumptions more explicit, and student conceptions

more visible.

Finally, visualizations afforded by simulating computational models (e.g., animations and graphs) make

it easier for learners to judge legitimacy (Sherin, 2001). These bene�ts re�ect the framing of pro�ciency in

both science and CT (by the NGSS and K-12 CS Framework, respectively) as the integration of knowledge

and practice.

Learning-by-design curricula have also emphasized preparing students for the 21st century workforce,

engaging students in scienti�c investigation and engineering design activities that improve their knowledge,

reasoning, and problem-solving skills (NRC, 2000; NAE and NASEM, 2019). In the K-12 setting, students

can engage in integrated science and engineering activities in meaningful ways, that include question posing,

design testing, and solution generation (Hirsch et al., 2007). Curricular implementations of engineering

design have proven to support students conceptual science and engineering learning (e.g., McElhaney et al.,

2020; Mehalik et al., 2008).

Moreover, recent reports also indicate that the learning of engineering and CT concepts and practices

can be synergistic, empowering learning in each domain (Ehsan et al., 2020). Engineering and CT can

compliment each other in problem solving and system design, and the conceptual underpinnings of both

engineering and CT may make engineering a productive discipline for extending CT learning and applications

(e.g., Zhang, 2020; Wing, 2006; Shute et al., 2017).

In the following two sections, we will describe advances in learning-by-modeling and learning-by-design

curricula integral for this proposed research.

2.2.2 Learning-by-Modeling

The learning-by-modeling framework, illustrated in Figure 2.2 (adapted from the Common Core Mathe-

matics Standards (CCSSO, 2011)), highlights the role that different sub-processes may play in acquiring,

interpreting, and re�ning one's knowledge when performing modeling tasks. The sub-processes illustrated

match the NGSS on “Developing and Using Models” (NGSS, 2013) and de�ne the key processes that a com-

prehensive learning-by-modeling environment must support. For the purpose of this research, we target the

development of simulation models in STEM domains. In particular, our work focuses on developing compre-

hensive, simulation models, that capture the emergent behavior of relevant scienti�c phenomena expressed

using computational constructs, and then using of those models to create engineering designs.

Simulation models, and speci�cally agent-based modeling, have received signi�cant attention as a means

of supporting STEM learning (Weintrop et al., 2016; Hutchins et al., 2020a). Simulation models adopt

a multi-representational approach, where students develop computational models using programming con-
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Figure 2.2: Processes and subprocesses integral for learning-by-modeling (Hutchins et al., 2020b).

structs, and visualize their behavior using animations, and other representational schemes, such as plots and

charts. Agent-based modeling can be contrasted from constraint systems (e.g., Betty's Brain; Leelawong and

Biswas, 2008), which use causal relations to model system behaviors, and system-dynamics models (e.g.,

Dragoon; VanLehn et al., 2017), which use simpli�cations of differential equations to represent dynamic

system behaviors.

Environments such as CTSiM, ViMap, and CT-STEM (Basu et al., 2013; Sengupta et al., 2015; Jona et al.,

2014) have supported research in this area, demonstrating the synergistic learning bene�ts resulting from this

pedagogical approach. All of these environments extend NetLogo, a multi-agent programming language for

building models that simulate the dynamic behaviors of complex, natural and social phenomena (Wilensky

and Resnick, 1999). NetLogo provides an authoring environment for an agent modeling language that allows

students to create their own models (or modify existing models that are available in a large, accompanying

model library that comes with Netlogo). This enables learners to simulate and “play” with their models,

exploring their behavior under various conditions. CTSiM (Basu et al., 2013), ViMap (Sengupta et al.,

2015) and CT-STEM (Arastoopour Irgens et al., 2020; Swanson et al., 2019) provide a block-structured

visual programming environment as an abstraction layer over NetLogo. This allows students to focus on the

domain modeling tasks, without being overwhelmed by the syntax of the NetLogo programming language.

Classroom studies conducted with these systems have produced successful results (e.g., Basu et al., 2016a;

Weintrop et al., 2016; Hutchins et al., 2020a), supporting student learning in science and CT. Other work

in learning-by-modeling includes Starlogo (Colella et al., 2001), and AgentSheets for scalable game design

(Repenning et al., 2010).

2.2.2.1 Student and teacher dif�culties with learning-by-modeling

As mentioned previously, the fast-paced nature of technological advancement has accelerated our need to

better prepare students to utilize computational tools as vehicles for problem solving and professional ad-
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vancement (Dede, 2010; Redish and Wilson, 2011; NRC, 2010). Whereas this conforms with the NGSS call

for engaging students in authentic modeling practices in science, integrating computational modeling into the

K-12 science curriculum has created dif�culties in student learning. These dif�culties include:

• Translating learnt domain knowledge to computational forms for model building (Sengupta et al., 2013;

Basu et al., 2016b)

• Integrating key aspects of programming and CT (e.g., programming language syntax, identifying ap-

propriate abstractions and developing iterative structures to model the dynamics of the scienti�c pro-

cesses) (Grover and Basu, 2017; Hutchins et al., 2020a)

• Relating the behavior of individual entities to aggregated or emergent system behaviors (Chi, 2008;

Wilensky and Resnick, 1999)

• Understanding the mathematical relations between variables and interpreting graphs in relation in the

context of generated simulation behaviors (Sengupta and Farris, 2012; Araujo et al., 2008)

• Debugging the behaviors (results) generated by the abstract representations and interpreting them in

terms of scienti�c principles and theories (Basu et al., 2016b).

These dif�culties can be mapped on to the subprocess illustrated in Figure 2.2, and they need to be addressed

in the context of the sub-processes in the �gure to make the learning-by-modeling approach a productive

experience for novice learners.

Additional concerns about computational modeling in science arise from a teaching and classroom per-

spective. These dif�culties center on (1) limited teacher background on integrating computational thinking

and computing in STEM and (2) dif�culties and con�dence with computational tools needed for the integra-

tion.

From the teacher background perspective, many teachers lack the experience and education with CT and

computing needed (Yadav et al., 2016; Cuny, 2012; Peel et al., 2020). Research targeting STEM and CT

integration have found that teachers hold misunderstandings about CT (Sands et al., 2018) and integration

is impacted by low self-con�dence and self-ef�cacy for teaching CT (Wu et al., 2018). Sands et al. (2018)

recommend leveraging teachers' backgrounds by explicitly highlighting how CT helps learn disciplinary

content.

From the system perspective, dif�culties include the development of a shared understanding of the model-

ing language used to support the construction of the science models, and understanding the model behaviors

when the model is executed (VanLehn, 2013). We hypothesize that this may be exacerbated when students
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create their own modeling structures (e.g., creation of custom blocks in Scratch or Snap!), especially if stu-

dents have STEM and CT domain misunderstandings prior to their model development activities (Sengupta

et al., 2013).

Finally, there are increased training requirements for teachers and students (e.g. class time spent on learn-

ing the features of the modeling environment) to establish a suf�cient understanding of the computational

constructs needed to build meaningful science models, and communicate results. This is especially true

when text-based programming languages are used (e.g., Hashem and Mioduser, 2011; Sherin et al., 1993).

Recently, researchers supporting environments such as CTSTEM have leveraged curriculum co-design ap-

proaches with participating teachers to tackle this issue (Wu et al., 2020), serving as motivation for this

dissertation approach.

2.2.2.2 Learning-by-Modeling Assessments

Assessment is one of the most salient drivers of education at scale (Cuban, 1984). Without meticulous

attention to assessments the dissemination of learning-by-modeling applications in K-12 schools has little

hope (i.e., Grover et al., 2014; Basu et al., 2021). This is due to (1) the need to better understand how

students learn in a curriculum that integrates science and CT (i.e., to improve pedagogical content knowledge,

discussed in Section 2.1.1) and (2) the role assessments play in supporting improved curricular efforts in

the integration of CT in STEM (e.g., modifying curriculum tools and scaffolds to better target identi�ed

misunderstandings of all learners).

In order to teach learning-by-modeling and CT effectively, teachers must have a solid understanding of

what students know and can apply, as well as how their students develop CT skills over time (Bienkowski

et al., 2015). This requirement is exacerbated when CT is introduced in other domains, as the educator must

be able to differentiate between learning gains in each domain and to identify potential misunderstandings in

domain concepts or practices in either domain to support classroom discussions and student feedback.

Given the recent impetus for increasing CS and CT educational opportunities through CSForAll, signif-

icant efforts have focused on assessment development and applications. Research on integrated STEM and

CT assessments have mainly applied three formats: project-based, interview-based, and multiple-choice and

short-response assessments.

Project-Based Assessments.Open-ended, free choice �nal projects are often used to assess student

learning. This has been encouraged by the recent K-12 CS framework as a form of authentic assessment

(Parker and DeLyser, 2017). While common in block-based programming environments, including Scratch,

these computational artifacts can represent imperfect and incomplete measures of student learning, especially

when used as the only form of assessment (Brennan and Resnick, 2012; Grover and Basu, 2017).
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Project-based assessments, similar to those implemented in Alice (Werner et al., 2012), require subjective

grading efforts that are often time consuming (Grover et al., 2014). The assessments typically focus on �nal

code submission, eliminating potentially key information about student learning-by-modeling processes or

the implementation of CT practices over time. In addition, from the standpoint of a classroom teacher, the

total amount of potential CT information collected for each student may not be suf�cient for the time it takes

to grade each individual assignment. And �nally, the dependency on a particular software can be problematic,

as Webb noted that these options often require that students have familiarity with the software in use (2010).

As such, these approaches are often not generalizable across software or domains.

Interview-Based, Questionnaires, and Surveys.The use of qualitative, interview-based strategies for

assessing CT skills and understandings is common. These approaches (e.g., Brennan and Resnick, 2012;

Werner et al., 2012) have proven bene�cial in:

1. identifying potential gaps in CT understanding not captured through frequency analysis of project data,

2. improving understanding of students' CT processes through evaluations of students' ability to under-

stand and explain someone else's code, and

3. allowing for the capture of data regarding the transfer of knowledge or metacognitive abilities required

for learning with understanding.

For instance, in the Brennan and Resnick paper (2012), students were asked to describe how portions of

a particular program they developed work. This allowed researchers to evaluate students' ability to teach an

outside party about how the code works. In some cases, this approach also allowed researchers to identify

conceptual misunderstandings (for instance, when students were describing a code replicated from a publicly

available project).

However, the applicability of this methodology in a classroom study is limited. This is primarily because

the application of this assessment is time consuming. In a classroom setting, the need to meet individually

with students to assess understanding is dif�cult because of the lack of time and resources. Moreover, eval-

uation of interview data is often subjective (Grover et al., 2014), limiting the generalizability of this form of

assessment in K-12 classrooms. Further investigation on how to target these conceptual gaps and methods

for capturing metacognitive and transfer skills is needed.

Multiple Choice and Short Answer AssessmentsA recent trend in CT assessments is the develop-

ment of objective, multiple-choice and short-answer assessments targeting de�ned learning objectives. The

applicability of this form of CT assessment is promising as it has proven to be a tool for building “a cu-

mulative knowledge base of learning science for CT” (Grover et al., 2014, p.62). These assessments, often
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administered in a summative format, utilize questions that test student understandings of concepts and re-

quire students to apply relevant CT practices (e.g. debugging a pictured code segment in order to complete a

required task).

However, as a standalone form of assessment, these assessments may not evaluate the CT skills and

understandings targeted for a particular curriculum in a comprehensive manner. In particular, these forms

of assessment often to not make the student thinking involved in the response process visible to teachers,

limiting teachers' understandings of how an answer was derived, a key design feature for teacher noticing

(see Section 2.1.1).

Systems of AssessmentOne approach for targeting the limitations of individual assessment types is

the application of a “systems of assessment” approach (Conley and Darling-Hammond, 2013). This tech-

nique targets a deeper understanding of student knowledge construction by systematically combining mul-

tiple forms of assessments, including summative and formative assessments, and has proven to be effective

in evaluating learning gains and improving our understanding of how CT is learned over time (Grover et al.,

2015).

In addition, for the purpose of providing teachers with interpretable and actionable feedback during an

integrated science, CT, and engineering curriculum, it will be important to evaluate multiple applications of

student knowledge in all domains (Hutchins et al., 2021a). As such, a more comprehensive approach with

multiple forms of assessment is needed to target deeper learning in STEM and CT.

2.2.2.3 Learning-by-Modeling Analytics Measures

Advancements in learning environments and learning analytics have supported the development of techniques

to evaluate the processes or strategies students apply during modeling tasks (Zhang et al., 2021). Early efforts

in the analysis of student log data from these systems focused on exploratory approaches to identify patterns

of block usage in constructing models (Winne and Baker, 2013). For instance, Brennan and Resnick's use

of log data consisted of frequency analysis (Brennan and Resnick, 2012), a common rubric methodology

(Grover et al., 2018a). However, this approach was shown to not provide enough information regarding

student conceptual understanding or process abilities (Brennan and Resnick, 2012).

Research in the development of adaptive student feedback during computer science education has led to

advancements in our understanding, identi�cation, and evaluation of problem-solving processes and knowl-

edge representation during programming. For instance, Piech et al. utilized Code.org projects (an environ-

ment built using Blockly) to design partial solution feedback (2015), while Blikstein et al. used log data to

identify program states and assess the likelihood of reaching a solution state or facing a “sink” state in which

a student was likely to get stuck in (2014). Grover et al.'s hypothesis-driven learning analytics framework
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(2017) introduced a blended hypothesis- and discovery-driven approach incorporating multiple data sources

to interpret user actions related to computer science and CT learning. These approaches towards increasing

our understanding of student processes and dif�culties motivate the log-based learning analytics utilized in

this proposed dissertation research.

Recently, signi�cant work has been done targeting feedback development for students using the Snap!

programming environment (the environment used in this proposed dissertation research) during their com-

puter science coursework. This includes recent contributions from the HINTS Lab, led by Dr. Thomas

Price. This work includes the development of a dynamic testing framework that enables teachers to design

test cases for the automatic assessment of student work (Wang et al., 2021) and the development of a code

classi�cation model to support the semi-automated discovery of problem-speci�c misconceptions students

demonstrate while programming (Shi et al., 2021). However, it is important to emphasize that these ap-

proaches are speci�c to computer science contexts (e.g., the teachers building the test cases are well-versed

in computer science constructs and practices) and the feedback generated targets students (as opposed to this

proposed research where teachers will receive the feedback so they may support their students). Thus, effort

needs to be made to (1) apply these analysis to represent both domain and computer science (speci�cally,

CT) knowledge applications or misunderstandings and (2) support science teachers in tasks, such as the de-

velopment of system tools (e.g., test cases) and understanding the representations of student work generated

by the system.

There have been improvements in log-based learning analytics speci�c to STEM modeling. For instance,

Basu, Biswas and Kinnebrew (2017) describe students' modeling progress by calculating the distance to an

expert model at each model revision. Others have implemented clustering methods to evaluate students'

learning based on action data (Segedy et al., 2015b,a; Zhang et al., 2017). This includes our use of cluster-

ing analysis methods to evaluate differences between high and low performing students during a C2STEM

computational modeling unit in physics (Hutchins et al., 2019a. More recently, we have established a gen-

eralizable framework for the identi�cation of productive and unproductive strategies in open-ended learning

environments (Zhang et al., 2021) leveraging a coherence analysis and task model approach and comparing

strategy applications of high and low performing groups using differential sequence mining (Kinnebrew et al.,

2013) determined by their summative performance.

These approaches allow us to identify the dif�culties students face, described in the Section 2.2.2.1

through trace action data as model construction occurs. This lessens the objectivity concerns present in

interview and think-aloud assessment approaches. For instance, in Zhang et al. (2021), differences in de-

bugging approaches were identi�ed between high and low performing groups, indicating the importance of

productive debugging processes on learning gains.
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However, limited research has targeted context-preserving strategy analysis that deepens our understand-

ing of students' domain-level de�ciencies that impact their model-building and debugging processes. Further-

more, these efforts have not included teacher feedback for the design and development of learning analytics

visualizations that help teachers identify and understand these strategies and act on the results (as discussed

in Section 1.2). This dissertation research targets these limitations.

2.2.3 Learning-by-Design

The prominent position of engineering in the K-12 Science Education Framework, NGSS, and the proposed

structure of science standards that distinguishes between practices, disciplinary core ideas, and crosscutting

concepts has increased interest and research in the design and development of engineering curricula that can

be integrated into existing K-12 science classrooms (NRC, 2014; NGSS, 2013).

The Framework describes (1) the disciplinary core ideas of engineering (e.g., de�ning and delimiting an

engineering problem, developing possible solutions, optimizing the design solution) (2) the key connections

between science and engineering, and (3) essential practices for K-12 students. Bolstered by the need to

develop students' innovative thinking and creative problem-solving skills for a rapidly changing technological

workforce (see Section 2.2.1), these efforts engage students in science and engineering practices such as

innovating, investigating, evaluating and testing, and reasoning with designs (Cunningham and Kelly, 2017).

Fundamental to engineering is design (Ferris, 2012; Cunningham et al., 2007). Engineering design in-

volves goal-directed problem solving (Archer 1965) that invokes cognitive processes such as (1) understand-

ing and de�ning the problem, (2) learning new concepts necessary for solving problems, (3) generating pos-

sible solutions, (4) optimizing solutions through testing and re�nement to accomplish problem-solving goals

(Crismond and Adams, 2012; English and King, 2017; Mehalik et al., 2008; Lucas and Hanson, 2016; NRC,

2010). Designers must leverage declarative science and math knowledge to inform design prototypes as well

as procedural knowledge to effectively solve the target problem (Bucciarelli, 2003). Therefore, engineering

design requires not only applying scienti�c knowledge to solve problems (e.g., de Figueiredo, 2008), but also

the systematic evaluation of criteria and constraints to deliver a solution based on the social dimension of the

problem (Ferris, 2012; Cunningham and Kelly, 2017).

Extending this work, Cunningham and Kelly (2017) described four categories of engineering actions,

including “engineering in social contexts, uses of data and evidence to make decisions, tools and strategies

for problem-solving, and �nding solutions through creativity and innovation” (p. 491) with associated prac-

tices in each category (e.g., consider problems in context, envision multiple solutions, make evidence-based

decisions, assess implications of solutions, work well in teams). These efforts help provide a clearer view for

students and teachers of how to leverage key practices in solving engineering design problems (Mangiante
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and Gabriele-Black, 2020).

Leveraging this background, Figure 2.3 presents our learning-by-design framework. Similar to the learning-

by-modeling framework, this �gure highlights the role that different sub-processes play in the creation, test-

ing, and reasoning with engineering designs as well as what a learning-by-design learning environment needs

to support. Although engineering and engineering design have not traditionally been part of the K-12 cur-

riculum (Cunningham et al., 2007), research efforts have targeted this dissemination.

Figure 2.3: Processes and subprocesses integral for learning-by-design.

The Learning by Design (LbD) curriculum involved weeks-long design challenges and explored students'

scienti�c reasoning (Kolodner et al., 1998, 2003). LbD emphasized the need to support learners' development

of critical thinking and decision-making skills in the modern world (Kolodner et al., 2003). Wendell and

Rogers (2013) developed the Science Through LEGO Engineering curriculum that was based on the LbD

framework. In this curriculum, elementary students' designed and tested a musical instrument, a model

house, a people mover, and an animal model.

Similar to these efforts, research evaluating the Engineering Is Elementary program also evaluated scien-

ti�c knowledge development during an engineering curriculum (e.g., Lachapelle et al., 2015). In addition,

earlier studies by Schauble et al. (e.g., 1991) evaluated how different modalities of thinking during experi-

mentation in�uenced middle school students' learning of physics.

In recent work, Ehsan, Rehmat, and Cardella targeted an evaluation of the synergies between CT and en-

gineering by investigating childrens' CT applications during an engineering design activity (2020). Through

the systematic, qualitative analysis of students' processes (video recorded), the researchers aligned key engi-

neering design actions with relevant CT competencies. For instance, problem scoping (e.g., understanding the

problem's constraints and criteria) was linked to the CT practices of decomposition and abstraction) while

design evaluation (e.g., evaluating prototype created) was linked to troubleshooting and debugging in CT.

These linkages will serve as motivation for the selection of problem-solving strategies targeted for feedback

to teachers.
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Other approaches have targeted scienti�c sense-making during design. These include Roth's (1997) eval-

uation of elementary school students' reasoning when creating lifting machines and Penner et al.'s (1997)

work evaluating students' reasoning about force and motion during a task called Designing Human Elbows,

a biomechanics design project. Additional work includes the evaluation of students' conceptual knowledge

about engineering (e.g., Streveler et al., 2008) and causal relationships in simple mechanical devices (e.g.,

Lehrer and Schauble, 1998; Bolger et al., 2012).

2.2.3.1 Student and teacher dif�culties with learning-by-design

Learning-by-design is a complex task that involves simultaneous consideration of the design problem (in-

cluding criteria and constraints) and potential solutions (de Figueiredo, 2008). The intertwining of multiple

practices as they develop their science, math, and engineering conceptual knowledge can pose challenges for

students. These include:

• Unsystematic prototyping, such as the use of trial and error patterns as opposed to more systematic

design strategies (e.g., Ahmed et al., 2003; McElhaney et al., 2020)

• Applying science knowledge to make evidence-based design changes (McElhaney et al., 2020)

• Understanding cause and effect amongst design components or applying mechanistic reasoning to de-

scribe design components (Bolger et al., 2012)

These dif�culties can be mapped on to the sub-process illustrated in Figure 2.3, and they need to be addressed

in the context of the sub-processes in the �gure to make the learning-by-design approach a productive expe-

rience for novice learners.

We hypothesize that addressing similar dif�culties from the learning-by-modeling �gure (e.g., translating

scienti�c knowledge into computational form) may support the addressing of some of these dif�culties. For

instance, supporting student processes in translating science conceptual knowledge (i.e., understanding of

water runoff) to computational form (creating the conditions for when there is runoff based on absorption

limits of surface materials and total rainfall) requires students to reason about the impact of variable changes

on other variables. Students may need similar support to improve their understanding of cause and effects of

making adjustments in their design prototypes.

Furthermore, the push to integrate engineering in K-12 science curricula places new demands on science

teachers (NRC, 2010; NGSS, 2013). Engineering design tasks involve applications of both conceptual en-

gineering design knowledge and epistemic practices that may be dif�cult for teachers to notice and respond

to (Mangiante and Gabriele-Black, 2020). Not only does this integration mean adding new content to an

already full curricula (NRC, 2010), few teachers have the background or experience in engineering design
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(Yaşar et al., 2006; Watkins et al., 2018; Cunningham, 2008), and teachers face challenges including miscon-

ceptions about what engineers do and general fears about teaching engineering in K-12 (Cunningham, 2008;

Yaşar et al., 2006). However, little work has targeted responsive teaching speci�c to engineering design

(Watkins et al., 2018) and there is a lack of professional development opportunities in engineering education

(Mangiante and Gabriele-Black, 2020).

Finally, the majority of studies reviewed are implemented as paper or physical lab challenges. In this

research, we leverage a simulation environment and online tools to support students in making links be-

tween science concepts and engineering analysis, while also facilitating the generation and testing of design

solutions. We hypothesize that training and understanding of the computational tools, as seen in the learning-

by-modeling section (Section 2.2.2), will pose additional challenges for K-12 teachers.

2.2.3.2 Learning-by-Design Assessments

There is a dearth of research on formative assessments in engineering education research, especially at the

K-12 level (Wendell, 2016). Instead, research in evaluating engineering design has focused primarily on

the disciplinary targets of instruction and has evaluated students using summative assessments, project-based

rubrics, and in-depth case studies .

Summative assessment approaches have targeted evaluations of students' science and engineering content

knowledge and practices (Wendell and Rogers, 2013; Streveler et al., 2008; Lehrer and Schauble, 1998;

Lachapelle et al., 2015), and critical thinking skills (e.g., Penner et al., 1997). Recently, work by Zhang et al.

(2020) distinguished learning evaluations in science, CT, and engineering in order to evaluate the impact

domain learning on the other integrated domains over time.

Several assessment approaches have leveraged think-aloud protocols to assess engineering design. For

example, Atman et al. (2008) asked participants to verbalize their design process as they designed a play-

ground. Similar to Brennan and Resnick (2012), researchers have also implemented evaluation approaches

in which students critique others' design processes (e.g., Hsu et al., 2014).

Other methods for visualizing student thinking processes include student written responses to prompts

(Hirsch et al., 2012), the development of concept maps (Sims-Knight et al., 2004), and applications of for-

mative surveys to support the identi�cation of design challenges students face over time (Purzer et al., 2011).

However, similar to those seen in Section 2.2.2.2, these manual approaches are time-consuming and

labor intensive to grade, and, therefore not scalable or supportive of on-demand teacher feedback. Results

from these approaches often indicate discrepancies between what students say and the processes applied

(indenti�ed through log data) (Atman et al., 2008). Finally, �ndings from these manual approaches have

shown that students' ability to describe the design process does not imply they know how to apply this
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knowledge to solve the design problem (Vieira et al., 2016).

Given the importance of formative assessment in the dissemination and integration of domains such as

computation and engineering in K-12 science classroom, efforts targeting formative assessment development

are needed.

2.2.3.3 Learning-by-Design Analytics Measures

Recent work has leveraged log data to evaluate engineering testing strategies. This includes characterizing

differences in students' design processes using Time Series Analysis (Xie et al., 2014), analytics methods

to evaluate systematic and unsystematic experimentation processes (Vieira et al., 2016), and Bayesian Net-

work Models to automatically evaluate students' engineering design performance (Xing et al., 2021). These

approaches have demonstrated how student engagement as well as differences in design processes can be

evaluated using log data.

Recently, Zhang et al. (2019) evaluated changes in elementary and middle school students' design so-

lutions based on prede�ned criteria, evaluating the number of tests, the number of satisfying designs, the

best score achieved, and the submitted score, and correlated the students' behaviors with their performance

on an evidence-based, integrated science and engineering pre-post assessment. In addition, Bywater et al.

(2021) developed a new sequence segmentation method known as the Differential Segmentation of Categor-

ical Sequences (DiSCS) algorithm to identify meaningful periods of design activity as students implement

engineering design tasks in open-ended learning environments.

To our knowledge, research that leverages log data and learning analytics to evaluate engineering design

practices at the K-12 level is still in its infancy. In addition, and similar to the learning analytics presented

in the learning-by-modeling section (Section 2.2.2.3), these approaches lack contextual information about

design testing strategies that may be bene�cial for teacher interpretation and response during class (described

in Section 1.2). As such, this proposed research targets contributions in engineering design analytics and

visualizations to address these issues.

In order to integrate learning-by-modeling and learning-by-design into K-12 STEM classrooms, careful con-

sideration must be made in designing curriculum and systems that facilitate active learning of STEM concepts

and practices while also providing multiple sources of student knowledge applications for a more compre-

hensive understanding of students' learning processes and needs. This may require:

• evidence-centered design, development and integration of curricula and associated products (tasks,

assessments, environment tools, etc)

• establishing a tight coupling and shared semantics between the STEM modeling language and the CT
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constructs needed to build the models, and

• Systematic, context-preserving data processing of system usage to capture dual disciplinary substance

of student processes during learning-by-modeling.

In order to effectively engage teachers with students' developing scienti�c ideas and knowledge, it is not

enough to provide performance feedback. Given the dif�culties faced by teachers in integrating modeling

in STEM classrooms, more work is needed (1) to increase teacher knowledge and understanding about how

students learn through learning-by-modeling and learning-by-design and (2) to co-design learning analytics

visualizations that inform teachers about student learning behaviors, successes and dif�culties, in a manner

that can be leveraged by the teacher for effective pedagogical adjustments. The following section provides

background on learning analytics research targeting educator support.

2.3 Learning Analytics and Pedagogy

Learning analytics is a promising approach for supporting teachers' noticing of and response to students'

developing scienti�c ideas and problem-solving processes as students use technology in the classroom (Wiley

et al., 2020; Bywater et al., 2019). As such, developing learning analytics measures that support effective

teacher noticing and response remains a research priority.

In this section, we describe the progress and limitations of three key research areas in learning analytics

and teacher decision-making. We also present related teacher dashboards that target providing teachers with

feedback on student thinking and problem-solving processes.

2.3.1 Predicting Performance Using Digital Trace Data

The advancement and proliferation of learning management systems and MOOCs has led to an increase in

digital traces of student learning (Fischer et al., 2020). Coupled with advances in data science and arti�cial

intelligence, initial research in learning analytics used these digital traces (e.g., clickstreams, time on tasks,

types of actions, etc) to create student behavior pro�les in these environments (Ga�sevíc et al., 2015).

In most cases, the initial target users for these learning analytics methods were school administrators as

these tools were used to predict student success utilizing the software to make institutional decisions, rather

than in-the-moment pedagogical support (Dawson et al., 2014; Means et al., 2011). One reason for this was

data literacy concerns. School administrators needed less training than teachers on the provided analytics

(Vatrapu et al., 2011; Means et al., 2011).

In order to target dashboard data literary concerns for teachers, researchers began developing teacher-

focused dashboards. However, these efforts proved inef�cient in supporting teachers as drivers of student
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learning because the data used was not re�ective of the disciplinary substance of the learning process and

student thinking (Verbert et al., 2013; Schwendimann et al., 2017). For instance, clickstream data does not

provide the necessary content to understand student ideas or domain misunderstandings needed to explain an

observed sequence of actions a student performs. It is this insight that teachers need to best support students

in their conceptual understanding and class performance (Baker et al., 2020).

Simultaneous, learning analytics researchers were expanding efforts to leverage available data to dive

deeper into student learning processes and knowledge development using technology-enhanced learning en-

vironments. For instance, Segedy et al. (2015c) applied coherence analysis to better understand student's

self-regulated learning behaviors while building causal models of science phenomena. Others applied ma-

chine learning and data analysis techniques to better understand students' abilities and where students' may

need further support (Gobert et al., 2013). However, these approaches lacked participatory efforts by teachers

to better leverage these learning analytics for their in-the-moment classroom needs.

2.3.2 Co-designing for Orchestration and Scripted Analytics

Stemming from the lack of teacher-focused efforts is the advancement of learning analytics based on partic-

ipatory design. This work mainly began from the increased use of intelligent tutoring systems and centered

on the creation of teacher dashboards that included feedback requested by participating teachers.

To do so, teachers would provide researchers with their learning objectives and assessments goals and,

in turn, the researchers would design, develop, and implement the relevant learning analytics feedback and

visualizations needed to support each teachers' pedagogical decisions (Tissenbaum et al., 2012; Echeverria

et al., 2018; Rodr�́guez-Triana et al., 2018). For instance, Matuk and Linn (2015) implemented participatory

design with teachers in order to evaluate how teachers used student performance data to inform the adaptation

of curriculum.

However, many of these studies co-designed with teachers that had substantial experience with the learn-

ing environment and teaching with technology (Echeverria et al., 2018; Holstein et al., 2017; Matuk and Linn,

2015). This may limit the generalizability of the approach and the learning analytics used for pedagogical

decision making (especially for less experienced teachers), and often hides the fact that the learning analytics

still leveraged clickstream and time data as the source of information (as discussed in Section 2.3.1).

An additional approach to leveraging learning analytics for in-the-moment classroom adjustments is

scripted analytics. In scripted analytics, pedagogical scripts are provided to instructors that outline the path

students need to follow to successfully meet the curriculum's learning goals and objectives (Fischer et al.,

2013). Dashboards associated with this approach provide teachers feedback on student trajectories, and de-

viations that need correction (Tissenbaum and Slotta, 2012; Rodr�́guez-Triana et al., 2018).
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We include efforts targeting the creation and implementation of orchestration graphs, which help teachers

conduct sequences of classroom activities at key social levels (individual, group, and class) (Dillenbourg,

2015; Haklev et al., 2017).

Feedback generated for teachers using scripted analytics approaches are primarily aimed at getting stu-

dents “back on track” (Haklev et al., 2017) and not providing feedback for teachers to support student ideation

and problem solving, which is needed for open-ended learning such as learning-by-modeling and learning-

by-design.

2.3.3 Learning Analytics to Support Curriculum Design

The push to leverage learning analytics to support curriculum design and adjustments is a signi�cant inspi-

ration for this proposed research. Speci�cally, this work is driven by key limitations in existing learning

analytics research that include:

1. lack of adaptivity in teacher control and agency to support the individual needs, preferences, and values

of teachers (Shibani et al., 2019),

2. insuf�cient grounding in learning science theory to support collection and analysis of consequential

student and classroom data generated by the curriculum activities (Reimann, 2016),

3. mis-alignment with curriculum design theory to inform and support actionable pedagogical responses

to student queries and dif�culties (Mangaroska and Giannakos, 2018), and

4. inability to integrate the teacher's pedagogical interventions with students' performance and learn-

ing behavior data so as to wholistically inform the curriculum design and the pedagogical processes

adopted by the teachers (Dyckhoff et al., 2012).

Efforts to target these concerns resulted in the creation of learning analytics for curriculum design frame-

works. While initial frameworks were high-level and dif�cult to operationalize (Corrin et al., 2016), frame-

works such as Learning Analytics Implementation Design (LAID) (Wise and Vytasek, 2017) and Orchestrat-

ing Learning Analytics (OrLA) (Prieto et al., 2019) have been developed to target these operational issues.

LAID ensures systematic LA design methods that incorporate the principles of coordination (including

alignment with learning objectives and recognition of classroom constraints), comparison (of learning perfor-

mance based on �xed standards and relative class performance, grounded by learning sciences theory), and

customization (recognizing differences in values, preferences, and constraints of individual teachers).

OrLA emphasizes the need for inter-stakeholder communication during the design and development pro-

cess. The framework offers support and guidance on collaborative discourse and decision making for the
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adoption and implementation of learning analytics in the classroom.

Finally, researchers have targeted bringing context to data interpretation, which has proven to be more

meaningful to teachers (e.g., Bakharia et al., 2016; Hernández-Leo et al., 2019) and recent efforts in multi-

modal learning analytics (MMLA) have shown promise in leveraging multiple data sources to better inform

teachers about key learning and critical thinking processes (Mangaroska et al., 2020).

Addressing the issues itemized above remains a research priority, especially at the K-12 level. For in-

stance, current research on using learning analytics to support curriculum design work has predominantly

been applied in university settings. Therefore, additional efforts are needed to operationalize these approaches

at the K-12 level.

2.3.4 Teacher Dashboards: Visualizing Student Learning

Coinciding with the progress in learning analytics discussed thus far, teacher dashboard development has also

increased. As discussed earlier, the purpose of the teacher dashboard is to evaluate student performance and

example efforts include the research discussed in Section 2.3.2 (e.g., Matuk and Linn, 2015; Echeverria et al.,

2018).

Additional efforts include the design and development of dashboards and ambient displays to visualize

student progress and dif�culties during activities (Slotta et al., 2013; Alavi and Dillenbourg, 2012) to help

teachers determine where to direct their attention. However, as mentioned above, these efforts mainly aim to

get students “back on track” (Haklev et al., 2017) and do not focus on the disciplinary substance of student

learning and critical thinking processes.

For my research, I target teacher engagement with and in student thinking and problem-solving processes

that can be ampli�ed and made available through teacher feedback using learning analytics tools. Example

approaches that target similar goals include The Teacher Responding Tool (Bywater et al., 2019), Lumilo

(Holstein et al., 2019), and The Teacher Action Planner (Gerard et al., 2020).

The Teacher Responding Tool supports responsive teaching by scaffolding the response process, pro-

viding automated, student-speci�c recommendations on students mathematical ideas by leveraging a natural

language processing tool. A control experiment demonstrated the bene�ts of the scaffolding tool to support

teacher noticing of the disciplinary substance of student mathematical ideas and improving teacher responses

as compared to the unscaffolded group. However, this work was not designed for in-the-moment feedback

during class.

Lumilo extended the idea that intelligent tutoring systems (ITSs) could be more effective in helping

students learn if they work together with human teachers (Xhakaj et al., 2017). Holstein et al. (2019) co-

designed and implemented a real-time teacher awareness tool that provided teachers with feedback on student
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learning situations that were identi�ed as better-suited for the teacher to handle. A 3-condition experiment

demonstrated the effectiveness of Lumilo in helping narrow learning outcome gaps and improving student

learning. As discussed above, though, this work did leverage experienced teachers and utilized digital trace

and performance data that does not re�ect students' developing ideas.

Finally, the Teacher Action Planner targets responsive teaching by providing teachers with evidence of

student ideas during class. Similar to the Teacher Responding Tool, the Teacher Action Planner leverages

natural language processing technology to evaluate students' written responses to web-based inquiry tasks

and provides recommendations for instructional customizations. While this research included experienced

teachers and focused solely on written responses, as opposed to model and design construction (targeted in

my research), results demonstrate the promise of leveraging teacher dashboards to support evidence-based

pedagogical modi�cations based on teachers' noticing of students developing scienti�c ideas.

2.4 Bringing it All Together: Motivation for My Research

Given the proliferation of technology-enhanced learning tools in today's classrooms as well as the need to

best prepare our students for the 21st century workforce through computing education integrated with STEM,

efforts to better support teachers in engaging in and responding to students developing disciplinary ideas and

critical-thinking processes while using these tools are needed. As reviewed in this section, a number of

limitations currently exist towards the actualization of this effort:

• Problem-based computational modeling and engineering design learning environments and accompa-

nying curriculum are not designed in a manner that considers the needs, preferences, and concerns

of teachers in noticing and responding to students' developing scienti�c ideas (Walkoe et al., 2017).

This include methods to provide teachers' feedback and support that leverage and consider their back-

ground and experience limitations (e.g., lack of computing experience) (Sands et al., 2018; Walkoe

et al., 2017),

• Dearth of comprehensive curriculum and assessment approaches for the integration of learning-by-

modeling and learning-by-design in K-12 classrooms (Wendell, 2016; Hutchins et al., 2020a) as well

as the time and labor constraints inherent in the manual evaluation of assessments, and

• Learning analytics and accompanying teacher dashboards have not typically targeted the evaluation

and representation of students' developing scienti�c ideas and problem-solving strategies in a manner

that can be leveraged by classroom teachers to support their instructional activities and support student

learning (Baker et al., 2020; Wiley et al., 2020; Bywater et al., 2019).
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When teachers engage with student ideas, students' knowledge and skills increase (Robertson et al.,

2016). Technology-enhanced, problem-based learning environments, including learning-by-modeling and

learning-by-design curricula, offer a unique opportunity for students to develop and implement their scienti�c

and engineering ideas, which can be captured as students work with computational tools in the environments.

Moreover, these environments promote students engagement in the practices and skills needed for success in

our technology-enhanced workforce (Redish and Wilson, 2011; Grover et al., 2018b).

However, to our knowledge, no such tools exist that incorporate teacher needs, preferences and concerns

regarding the integration of open-ended learning in their classroom through responsive teaching in the design

of the curriculum and environment. In addition, no co-designed teacher dashboards exist that identify and

provide teachers feedback on student thinking and problem-solving processes during open-ended learning,

such as learning-by-modeling and learning-by-design. In the following Chapters, I will present the three

manuscripts developed for this dissertation targeting these gaps.
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CHAPTER 3

Manuscript One: Temporal Evolution of Student Learning and Problem Solving Behaviors During an

NGSS-aligned Integrated Science, Computing, and Engineering Curriculum

3.1 Introduction

The growth and proliferation of computational technologies warrants increased application of technology-

enhanced, learning and problem-solving opportunities in our K-12 science, technology, engineering, and

mathematics (STEM) curricula. As scientists and engineers leverage computational processes and devices in

their exploration, inquiry, modeling, and problem-solving tasks, it is important for us to introduce relevant

computing methods in K-12 science and engineering curricula (Hambrusch et al., 2009; Weintrop et al., 2016;

Hutchins et al., 2020a; Kolodner et al., 2003; Wendell, 2016; Schauble et al., 1991). Appropriate use of

computing technologies should bolster students' learning and skills, and engage students in gaining a deeper

understanding of STEM concepts by supporting inquiry and problem solving to them actively participate and

excel in our technology-oriented workforce.

Problem-based learning and inquiry have been motivated and supported by theFramework for K-12

Science Education(NRC, 2012) and the Next Generation Science Standards (NGSS; NGSS, 2013), which

articulate a vision for integrating science and engineering, and including computational thinking (CT) as

a key science and engineering practice. This integrated science and engineering framework highlights the

importance of providing “a context in which students can test their own developing scienti�c knowledge and

apply it to practice problems”(NRC, 2012, p. 12, emphasis added). However, limited resources exist for

curriculum development and assessment in such integrated curricula (e.g., NRC, 2014; McElhaney et al.,

2020), and our understanding of how students learn and problem solve in such integrated curricula is still in

its infancy (Zhang et al., 2021; Bywater et al., 2019).

Given this background, this paper examines a novel approach for integrating science and engineering

curricula, leveraging computing as a bridge to develop an understanding of systems using science inquiry

and exploration, and then applying this learned knowledge to solve engineering problems. In our approach,

we leveragelearning-by-modelingto develop a deep understanding of scienti�c concepts and practices (c.f.,

Sengupta et al., 2013; Wen et al., 2020), and then using the developed computational models to solve en-

gineering design problems (c.f., Ehsan et al., 2020). In more detail, our approach is grounded in the idea

that a sequence of connected representations from conceptual to computational modeling of target science

phenomenon to application of the computational model for engineering design helps students develop their

36



knowledge construction processes (c.f., Frederiksen et al., 1999). In addition, such approaches are particu-

larly useful for studying phenomena, such as water runoff that are hard to study systematically in physical

environments. Therefore, one of our primary goals in this paper is to study how this approach contributes to

our understanding of how students learn in integrated science and engineering curricula. We will do this by

studying students' learning and problem solving leveraging a sequence of linked assessments, model-building

tasks, and an engineering design problem.

More speci�cally, our SPICE problem-based learning (PBL; Hmelo-Silver, 2004) curriculum challenges

students to redesign their schoolyard to minimize water runoff after heavy rainfall, while adhering to ac-

cessibility and cost constraints. The curriculum is composed of a sequence of �fteen lessons L1-L15, and

interspersed with formative assessments, F1-F6 as shown in Figure 5.1. The lessons take students through

a sequence of multiple connected representations, that include (1)conceptual modelingto learn the basic

science concepts and their relations to real-world phenomena; (2)Translation into a more formal representa-

tion using rules; (3) learningcomputational thinking (CT) constructs and practicesusing a set of unplugged

activities; (4)computational modelingto develop a simulation model of the scienti�c phenomena; and (5)

engineering designsolutions that are developed from a computational model to solve a playground design

challenge. To study student learning, we applied an evidence-centered design (ECD) approach to curriculum

and assessment development, including pre-post tests and formative assessments that covered the science, CT

and engineering domains.

Figure 3.1: SPICE curricular sequence (L items are lessons and F items in red are formative assessments).

It is important to understand how and what students learn in these integrated learning environments before

they can be disseminated to the larger community. In this paper, we report the results of a study conducted in

a sixth grade science classroom in Southeastern United States. By analyzing students' learning performance

and learning behaviors across the different Lesson units of curriculum, we answer the following research

questions:

• (RQ1)How effective is our integrated SPICE learning-by-modeling and problem-solving curriculum,

with its sequencing of science, computing, and engineering design support student learning across the
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three disciplines?

• (RQ2) What is the role of computational thinking in facilitating learning of science and engineering

concepts and practices?

• (RQ3)What kind of effective and ineffective strategies do students employ in their model-building tasks

and how do these strategies correlate with their science, CT, and engineering learning?

To answer RQ1 we provide statistical analysis of student results in our science, CT, and engineering

assessments. For RQ2, we apply correlation analysis to evaluate the relationship between CT curriculum

tasks on performance in science and engineering tasks and post-test performance and further this analysis

by conducting Path Analysis to model those relations. Finally, to answer RQ3 we conduct an exploratory

clustering analysis, grouping students based on common computational modeling and engineering design

behaviors and evaluating the impact of those behavior combinations on students' learning in science, CT, and

engineering.

This paper is organized as follows. Following a review of the literature on integrating science, CT, and

engineering in K-12 classrooms and the identi�cation of research gaps targeted by our research, we provide

a detailed description of the SPICE curriculum and the technology-enhanced learning environment. This

includes the design perspectives leveraged to create SPICE and an overview of the tasks, assessments, and

technology. We then cover our methods for this paper, describing the study, participants, data collection

processes, and the data analysis procedures implemented to answer our research questions. Our results and

discussion section is organized by research question and is followed by conclusions, limitations, and future

directions for this research.

3.2 Literature Review

With rapidly-changing technological advancements impacting our workplaces and every day lives, state and

national standards have made prominent the need to integrate computing and engineering problem solving

into K-12 science classrooms to better prepare our students for future success (NRC, 2014; NGSS, 2013).

Engaging students in these integrated learning experiences promotes interdisciplinary critical thinking and

skill development (Wing, 2006; Grover and Pea, 2013; Weintrop et al., 2016), while immersing students in

open-ended, socially-relevant inquiry across STEM domains (NRC, 2012; Hutchins et al., 2020a). This paper

leverages past approaches that have been successful in integrating science and computing (e.g., Weintrop

et al., 2016; Hutchins et al., 2020a), science and engineering (e.g., Cunningham and Kelly, 2017; Kolodner

et al., 2003), and, more recently, computing and engineering (e.g., Ehsan et al., 2020). In this section, we
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provide an overview of the successes and the gaps in the STEM integration literature, and summarize our

�ndings in Figure 3.2.

3.2.1 Integrating Science and Computing

Past research has demonstrated the synergistic relation between computing and science along multiple di-

mensions (Grover and Pea, 2018), such as:

1. Lowering the learning threshold for science conceptsby reorganizing them around intuitive computa-

tional representations that introduce fundamental laws using discrete and qualitative representations,

which are simpler to understand than quantitative equation-based representations (Redish and Wilson,

1993; Sherin, 2001);

2. Studying phenomena as discrete time processes, where dynamic system behavior advances in a step-by-

step fashion, is easier for students to comprehend as compared to differential equation representations

of continuous dynamics (diSessa, 2001; Hutchins et al., 2020a; Sherin, 2001);

3. Representing computational modeling as a core scienti�c practice, that includes model construction,

debugging, veri�cation, and explanation (Soloway, 1993);

4. Contextualizing Program constructionusing domain-speci�c forms (e.g., Domain Speci�c Modeling

Languages (DSMLs� (Hutchins et al., 2020b) to create synergistic relations between programming

and building science models (Papert, 1991).

Moreover, visualizations afforded by simulating computational models in science (e.g., animations and graphs)

make it easier for learners to interpret and verify the correctness of their models (Sherin, 2001).

Speci�c to the curricular approach in this research are agent-based, learning-by-modeling environments.

Agent-based models capture the emergent behavior of relevant scienti�c phenomena expressed using com-

putational constructs. These technology-enhanced environments and tools such as Netlogo and NetTango

(Weintrop et al., 2016; Martin et al., 2020), COSCI (Chang et al., 2020), Glowscript VPython (Weller et al.,

2021), CTSiM (Basu et al., 2013), ViMAP (Sengupta et al., 2015), and C2STEM (Hutchins et al., 2020a)

leverage agent-based, computational models programmed by students to simulate the dynamic behaviors of

complex, natural and social phenomena. Students are able to represent their developing scienti�c knowledge

in computational form and then evaluate their code through visual assessments of animated agents' behaviors.

This process leverages contextualized representations of computational constructs (e.g., conditional logic) to

better expose students to programming (Papert, 1991). As such, these environments have received signi�cant

attention as a means for supporting STEM learning adopting a multi-representational approach.
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Advances in learning environments and learning analytics have supported the development of techniques

to evaluate the processes or strategies students apply during modeling tasks (Zhang et al., 2021). Early efforts

in the analysis of student log data from these systems focused on exploratory approaches to identify patterns

of block usage in constructing models (Winne and Baker, 2013). For instance, Brennan and Resnick's use

of log data consisted of frequency analysis (Brennan and Resnick, 2012), a common rubric methodology

(Grover et al., 2018a). However, this approach was shown to not provide enough information regarding

student conceptual understanding or process abilities (Brennan and Resnick, 2012).

There have been improvements in log-based learning analytics speci�c to STEM modeling. For instance,

Basu, Biswas and Kinnebrew (2017) describe students' modeling progress by calculating the distance to an

expert model at each model revision. Others have implemented clustering methods to evaluate students'

learning based on action data (Segedy et al., 2015b,a; Zhang et al., 2017). These approaches allow us to

identify the dif�culties students face through trace action data as model construction occurs. This lessens

the objectivity concerns present in interview and think-aloud assessment approaches. For instance, in Zhang

et al. (2021) and Grover et al. (2016), differences in debugging approaches were identi�ed between high

and low performing groups, indicating the importance of productive debugging processes on learning gains.

However, to our knowledge, these approaches are still limited in number and no approach has extended this

behavior evaluation's impact on problem-solving behaviors in other domains.

While the bene�ts detailed in prior research on science and CT re�ect the framing of pro�ciency in

both domains (by the NGSS and K-12 CS Framework, respectively) as the integration of knowledge and

practice, limitations persist. These include (1) the need for extensive programming instruction which presents

challenges for teachers and students with limited experience (Hashem and Mioduser, 2011), (2) dearth of

comprehensive curriculum and assessment approaches that allow for temporal evaluation of domain-speci�c

learning (Hutchins et al., 2020a), and (3) lack of analytics approaches to evaluate the impact of students'

open-ended problem-solving behaviors on their domain-speci�c learning (Zhang et al., 2021).

3.2.2 Integrating Science and Engineering

The prominent position of engineering in the K-12 Science Education Framework, NGSS, and the proposed

structure of science standards that distinguishes between practices, disciplinary core ideas, and crosscutting

concepts has increased interest and research in the design and development of engineering curricula that

can be integrated into existing K-12 science classrooms (NRC, 2014; NGSS, 2013). In the K-12 setting,

students can engage in integrated science and engineering activities in meaningful ways, that include question

posing, innovating, design testing, and solution generation (Hirsch et al., 2007; Cunningham and Kelly,

2017). Curricular implementations of engineering design have proven to support students conceptual science
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and engineering learning (e.g., McElhaney et al., 2020; Mehalik et al., 2008).

For example, the Learning by Design (LbD) curriculum involved weeks-long design challenges and ex-

plored students' scienti�c reasoning (Kolodner et al., 1998, 2003). LbD emphasized the need to support

learners' development of critical thinking and decision-making skills in the modern world (Kolodner et al.,

2003). Wendell and Rogers (2013) developed the Science Through LEGO Engineering curriculum that was

based on the LbD framework. In this curriculum, elementary students' designed and tested a musical instru-

ment, a model house, a people mover, and an animal model.

Similar to these efforts, research evaluating the Engineering Is Elementary program also evaluated scien-

ti�c knowledge development during an engineering curriculum (e.g., Lachapelle et al., 2015). In addition,

earlier studies by Schauble et al. (e.g., 1991) evaluated how different modalities of thinking during experi-

mentation in�uenced middle school students' learning of physics.

However, the intertwining of multiple practices as students develop their science and engineering concep-

tual knowledge can pose challenges for students and gaps exist in terms of the integration of such curricula.

For students, these challenges include:

• Unsystematic prototyping, such as the use of trial and error patterns as opposed to more systematic

design strategies (e.g., Ahmed et al., 2003; McElhaney et al., 2020)

• Applying science knowledge to make evidence-based design changes (de Figueiredo, 2008; McElhaney

et al., 2020)

• Understanding cause and effect amongst design components or applying mechanistic reasoning to de-

scribe design components (Bolger et al., 2012)

Similar to the integration of science and computing, there is a dearth of assessment approaches for eval-

uating student learning and problem-solving behaviors during science and engineering integration (Wendell,

2016). In addition, to our knowledge, research that leverages log data and learning analytics to evaluate

engineering design practices at the K-12 level is still in its infancy with initial research characterizing dif-

ferences in students' design processes (e.g., (Xie et al., 2014; Vieira et al., 2016; Bywater et al., 2021) and

automatically evaluating students' engineering design performance (Xing et al., 2021). Finally, to our knowl-

edge, current frameworks do not leverage modeling practices, in particular at the K-12 level, to support the

connection between the two disciplines.

3.2.3 Integrating CT and Engineering

The �nal integration direction involves recent reports that indicate the synergistic nature of learning engineer-

ing and CT concepts and practices (e.g., Ehsan et al., 2020). These approaches currently include informal
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learning scenarios (Ehsan et al., 2020) and makerspaces (Yin et al., 2020). Engineering and CT can compli-

ment each other in problem solving and system design, and the conceptual underpinnings of both engineer-

ing and CT may make engineering a productive discipline for extending CT learning and applications (e.g.,

Zhang, 2020; Wing, 2006; Shute et al., 2017) while also supporting the framing engineering as a thought

process rather than “building.”

Due to the limited research in this area, the integration of computing and engineering faces similar chal-

lenges as previously stated, including the death of assessment and analytics, the focus of implementations on

older age groups (e.g., high school and university), and the inexperience of teachers and students in computing

and engineering. Moreover, to our knowledge, limited work has targeted the use of computational modeling

in the integration of computing and engineering. This approach may provide support in enabling students to

design and develop engineering solutions that cannot be modeled physically (for instance, solutions to water

runoff concerns).

3.2.4 Integrating Science, Computing, and Engineering Using Technology-Enhanced Environments

In addition to leveraging prior work in curriculum and assessment development for integrating STEM do-

mains, this work is framed in the context of (1) problem-based learning (PBL) in open-ended learning envi-

ronments (OELEs) and (2) learning through multiple linked representations.

OELEs provide students the opportunity to practice problem-solving skills in real-world contexts (Land,

2000a), and allow students to have a choice in how they pursue their learning and problem-solving tasks

(Hanna�n et al., 1999, 2014). Learners can leverage resources provided by the environment to acquire,

understand, and apply knowledge needed to solve or complete a problem (Land, 2000a). In addition, OELEs

provide students with tools or features to test and revise their evolving solutions. Example OELEs include

inquiry environments (e.g., Ecolab (Luckin and du Boulay, 2016)), study tools (e.g., nStudy (Winne and

Hadwin, 2013) and MetaTutor (Azevedo et al., 2010)), game-based environments (e.g., Crystal Island (Taub

et al., 2019) and Tuglet (K̈aser and Schwartz, 2020)), constraint systems (e.g., Betty's Brain (Leelawong and

Biswas, 2008) and DynaLearn (Bredeweg et al., 2013)) and, speci�c to our work, agent-based, learning-by-

modeling environments (discussed above).

Finally, while technology-enhanced environments can scaffold students in computational modeling and

engineering design processes that engage inquiry and problem solving (e.g., Jonassen et al., 2005; Keating

et al., 2002), these evolving experiences need to be anchored to strong underlying conceptual models of the

phenomena being investigated in order to leverage the unique affordances of each representation (Ainsworth,

2006). For instance, in this study, each of the evolving modeling representations makes explicit the con-

servation relationship among rainfall, absorbed water, and water runoff at different levels of abstraction and
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generality. Together, these representations provide a more complete depiction of phenomena and support

students in deriving linkages between model representations (Frederiksen et al., 1999). Limited research

describes how students make transitions and connections among model representations and identi�es the

instructional supports they require.

Figure 3.2: Understanding successes and gaps in the STEM integration literature.

3.2.5 Problem Statement

From the literature and illustrated in Figure 3.2, we ground our approach in key research �ndings, includ-

ing the synergistic nature of the science, computing, and engineering domains when integrated and the af-

fordances provided to students in terms of the development of critical-thinking and problem-solving skills

(Hutchins et al., 2020a). In addition, we leverage opportunities discovered through applications of computa-

tional modeling in science in simulating complex science topics and supporting knowledge construction and

problem-solving skill development in the coupled domains.

However, our review highlights key curriculum and assessment gaps that we target in this research. On

one hand, although computational modeling has been suggested to be bene�cial in science and comput-

ing integration, limited research has leveraged this approach to (1) support the addressing of engineering
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problems that can't be physically represented, (2) increase our understanding of problem-solving behaviors

by leveraging trace data from OELEs, and (3) understand how computing can strengthen existing connec-

tions between science and engineering. Secondly, a dearth of assessment approaches in each combination of

domains warrants further examination in order to more deeply understand how students construct their inte-

grated knowledge over time. To do so, we systematically designed, developed, and implemented the SPICE

curriculum and learning environment to target our research questions.

3.3 SPICE Curriculum and Learning Environment

SPICE supports teachers in the implementation of the SPICE Challenge (Chiu et al., 2019; McElhaney et al.,

2019). The SPICE is a three-week, NGSS-aligned unit that challenges students to redesign their schoolyard

using different surface materials to minimize the amount of water runoff after a storm, while adhering to a

series of design constraints. These include the overall cost and accessibility, while providing for different

functionalities for the schoolyard. The curriculum consists of three core units: physical experiments and

conceptual modeling, computational modeling of the water runoff phenomenon, and engineering design, in

which students use their computational models to redesign their schoolyard. This learning context is authentic

and relevant to students facing similar problems (limited usability and pollution) in their own schools, there-

fore, the SPICE is potentially engaging and personally meaningful to the learners (Hutchins et al., 2021a;

McElhaney et al., 2020).

SPICE targets NGSS performance expectations for upper elementary and middle school Earth science

and engineering design curricula, emphasizing the movement of surface water in a system after heavy rainfall

and the human impact of this runoff on the environment. In this section, we will detail the SPICE design

process, curriculum, and assessments.

3.3.1 Design Perspectives

Our SPICE design processes to support the leveraging of computational modeling as a bridge to support

science and engineering learning are guided by the following design perspectives.

• Provide for learning from multiple, linked representations.

Technology-enhanced environments can scaffold students in complex learning processes that adopt

exploration, inquiry, and systematic problem-solving processes (e.g., Jonassen et al., 2005; Sengupta

et al., 2013; Weintrop et al., 2016). In order to support student learning-by-design, their design experi-

ences need to be anchored to strong underlying scienti�c models of the phenomena being investigated

in order to leverage the unique affordances of each representations. In designing the SPICE system,

we have focused on multiple linked representations (Ainsworth, 2006; Basu et al., 2016a) that help the
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students progress through a conceptual understanding of the science phenomena (water runoff after a

rainfall explained as a conservation principle), convert this understanding into computational models

for computing the runoff in different materials after a rainfall, and then use the computational models

to support the engineering design task. For example, a key mechanism used in this work to support

link derivations are Domain Speci�c Modeling Languages (DSMLs) for computational model building

(Hutchins et al., 2020b; Martin et al., 2020), which provide students programming blocks in the sci-

ence domain to support the translation of science into computational form, and to use code developed

to support model and design evaluations. Together, the representations provide a more complete de-

piction of phenomena and support students in deriving linkages between their science knowledge and

their engineering design representations (Frederiksen et al., 1999).

• Promote technology-enhanced problem solving.

The majority of studies reviewed in Section 3.2 are implemented as paper or physical lab challenges. In

this research, we leverage a modeling and simulation environment that includes online design solution

generation and design evaluation tools to help students understand the links between science concepts

(e.g., absorption and runoff) and generating engineering solutions (e.g., what materials to choose for

designing the playground) in a technology-enhanced learning environment (Kim and Hanna�n, 2011).

In addition, we provide tools for testing and evaluating design solutions (e.g., what are the costs and

runoff for the current playground design solution). The environment, the tools, and their interfaces help

students develop problem-solving skills, a key goal of the NGSS (NGSS, 2013).

• Situate learning in open-ended, real-world problem contexts.

The NGSS and other science frameworks have highlighted the importance of providing authentic, real-

world learning experiences that engage students in the skills needed to better prepare students for the

needs of the 21st century workforce NGSS (2013). We leverage problem-based learning Hmelo-Silver

(2004) in open-ended learning environments (OELEs) (Biswas et al., 2016; Hanna�n et al., 1999). OE-

LEs provide students the opportunity to practice problem-solving skills in real-world contexts (Land,

2000b), and allow students to have a choice in how they pursue their learning and problem-solving

tasks (Hanna�n et al., 2014). Learners can leverage resources provided by the environment to acquire,

understand, and apply knowledge needed to solve or complete a problem (Land, 2000b).

• Link student performance in the environment with the science and engineering learning objec-

tives.

We employ evidence-centered design (Mislevy and Haertel, 2006) as an overarching framework to sys-
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tematically integrate science and engineering disciplines and to align curricular activities and assess-

ment tasks to the science and engineering concepts and practices. ECD facilitates coherence in system

and assessment design by explicitly linking claims about student learning, evidence from student work

products, and the instructional and assessment tasks that elicit the desired evidence. We leverage this

framework to establish the features of the learning environment, the interactive tasks students perform

in this environment, and the instructional and assessment tasks that are built into our environment.

3.3.2 Curriculum Integrating Computing and Engineering into K-12 Science

Figure 3.3 illustrates our designed learning trajectory and criteria from conceptual to computational model to

�nding engineering design solutions.

Figure 3.3: Learning trajectory from conceptual to computational model tasks (extended from (Authors, nd).

Initially, students were expected to understand the conservation of matter principle (representing a scien-

ti�c principle or law) by conducting real physical experiments and drawing conclusions from the observed

experimental results. In this domain, students are presented with scenarios where there is rainfall, some of

the rainfall is absorbed into the ground materials and the remaining amount is runoff. This translates to “Total

rainfall = total absorption + total runoff”. In the SPICE curriculum, students are introduced to the science con-

cepts of matter conservation and the absorption characteristics of different surface materials. Students begin

with engaging in a series of hands-on activities involving experimenting with physical materials commonly

available in schoolyards and playgrounds and then contrasting the absorption capabilities of these different

surface materials. After acquiring a basic understanding of the runoff scenario, students develop conceptual,

pictorial representations that express the amount of water runoff as the difference (if any) between the total

rainfall and water absorbed by surface materials. For instance, to complete Figure 3.4(a), students are tasked

with predicting the amount of absorption and runoff for 3 inches of rainfall and a 1-inch absorption limit of

the surface material. As a second step in the model evolution process, the students then create a more precise

conceptual model on paper, where they create rules to describe the three different runoff conditions.

Each subsequent modeling form required application of additional CT concepts to specify the model in
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Figure 3.4: Task examples for paper-and-pencil conceptual modeling (a) and rule creation (b).

a more general form (see Figure 3.3). To support this, we implemented an intermediate paper-and-pencil

Rule Creation task (Figure 3.4b) to elicit an additional representation of the science phenomenon enabling

students to express the relation between the science concepts: total rainfall, total absorption, absorption limit,

and total runoff. Students are tasked with expressing three scenarios (i.e., when rainfall is greater, less than,

and equal to the surface absorption limit) as semi-structured rules. These relations take into account the

conservation laws while using conditional logic expressions to specify when different situations apply (e.g.,

no runoff versus a certain amount of runoff). Students then transfer their rules into a computational model

using the given DSML blocks to create the model components (i.e., the three rules).

Translating the rules to the computational modeling activity requires additional knowledge of variables

and mathematical and relational operators. To support this, we �rst implemented a series of unplugged

activities to engage students in variable, equation, and conditional logic representation. This was followed

by the construction of their computational models. using DSML constructs (Figure 3.5a.) that facilitate the

translation of the runoff rules into the computational model (Authors, nd). The DSML blocks help students

assign variables to speci�c values, and translate their runoff rules to “if” constructs (e.g., “if total rainfall is

greater than the absorption limit”, then “set total runoff to [total rainfall — absorption limit]”). Students also

needed to assign the value of total rainfall and the absorption limit before the conditional block statements.

In addition to testing various total rainfall amounts throughout the computational modeling process, a

visual interface (Figure 3.6) allows students to populate individual playground squares with 1 of 6 available

schoolyard material (de�ned in Table 3.1) in order to test their models on different material options. The

system calculates the total runoff and cost based on their input and selected material and provides the results

in the visual interface (as seen in the left of Figure 3.6). By the end of the speci�ed time (determined by the

classroom teacher), students who have not achieved the correct model are supported in adjusting their models

for the engineering design task.

Finally, students use their computational models to solve the engineering design problem - redesigning
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Figure 3.5: Earth Science DSML (a) and example computational model (b).

Table 3.1: Schoolyard material information.

Material Absorption Limit Cost Accessible

Concrete 0.1 inches $37,500 Yes
Permeable Concrete 1.3 inches $93,750 Yes
Natural Grass 1.2 inches $18,750 No
Wood Chips 1.0 inches $37,500 No
Arti�cial Turf 0.6 inches $112,500 Yes
Poured Rubber 1.2 inches $187,500 Yes

their schoolyard to minimize the amount of water runoff after a storm while adhering to a series of design

constraints in the overall cost, accessibility, and different utilities of the schoolyard. To do so, students should

apply fair tests as they explore the design space and come to an optimum solution for their playground design.

We detail each activity, below. An extended version of the runoff model is implemented under the hood to

support the 4x4 schoolyard design interface. Figure 3.7 (on the right) illustrates the visual interface for the

engineering design task, with a photo of the school terrain this visual interface was modeled after on the left.

Each square in the 4x4 model has an area of 37,500 sq.ft. In this task, students implement a search process to

�nd the optimum solution to minimize runoff, while meeting cost (a design must have a total cost less than

$750,000) and accessibility (there must be at least 6 squares with accessible materials). To do so, students

can click on squares (for instance, the yellow square shown in Figure 3.7) and select their desired material

(from the materials found in Table 3.1). Students document chosen design solutions throughout this process.

In designing each of the model building activities, we maintained coherence across the three representa-

tions, and gradually introduced students to CT concepts and practices with support of activities such as the

Rule Creation task. This approach provides a framework for evaluating students' modeling artifacts across
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Figure 3.6: The computational modeling visual interface for selecting material (a) and the resulting calcula-
tions (b).

different representations and understanding how these representations support students' learning trajectories.

Figure 3.7: SPICE engineering design task.

3.3.3 Assessments

Leveraging our ECD process, we developed a system of summative and formative assessments to evaluate

student learning in identi�ed target science, CT, and engineering concepts and practices over the course of

the 3-week curriculum. This includes a summative assessment that is split into the three domain sections

and is implemented prior to and directly following the curriculum. Our science and engineering pre-post

assessment aligns with a number of NGSS Performance Expectations (PEs). The CT assessment tasks were
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aligned with the concepts and practices that students perform as part of their science modeling activities

(e.g., variables, operations, conditionals, program development). The rubrics used for coding and scoring

these assessments were updated from our previous work (Authors, nd). Similarly, our formative assessments

were also developed during the ECD process and target key concepts and practices pertinent to the curricular

unit each assessment was scheduled around (e.g., conceptual modeling, computational modeling, engineering

design).

All formative and summative assessment items were labeled to identify the key concepts and practices

targeted in each domain and discussed in the previous section. For instance, Figure 3.8 illustrates a tree-like

model that traces applications of key domain-speci�c concepts and practices (this is a simpli�ed example)

in the key tasks that compose the Computational Modeling unit in SPICE (the computational model, written

responses in the packet, and a formative assessment). This framework allows us to (1) ensure that all target

domain concepts targeted in the curriculum were assessed through multiple representations and (2) track

student performance in each concept or practice over time based on the labeled submissions.

Figure 3.8: Mapping applications of science, CT, and engineering concepts and practices throughout the
SPICE curriculum.
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3.4 Methods

3.4.1 Study and Participants

This exploratory analysis leverages student data collected from a classroom study with 99 students in a 6th-

grade classroom in the southeastern United States. The study, led by two experienced science teachers,

was run in the Fall of 2019. Three Vanderbilt University researchers provided additional support in the

classroom. The two teachers participated in four days of professional development conducted by the research

team during the summer session before the study. Elementary programming classes are part of the middle

school curriculum in this school, and all participating students had varying amounts of prior programming

experience with Scratch (https://scratch.mit.edu/about).

The SPICE curriculum was covered by the teachers with intervening student work on the system for 45

minutes per day, three days a week in their regular science classes, and 75 minutes, twice a week that included

additional personalized-learning time. The curriculum was covered in 15 school days, with NGSS-aligned

science and engineering and CT pre-post assessments administered during two additional 45-minute class

sessions. Procedures of this study were approved by the ABC Institutional Review Board.

3.4.2 Data Collection

Data collection occurred in three phases: paper notebooks and assessments, computational modeling and

design submissions, and logged actions.

3.4.2.1 Student Notebooks and Assessments

Students completed all written response activities, including the physical experiments, conceptual models,

unplugged activities, short-answer questions during computational modeling and engineering, and their for-

mative and summative assessments on paper-and-pencil packets. Students used the same non-identi�able

username on each submission as well as to log into the SPICE OELE. These paper-based tasks were coded

and then graded using rubrics to be discussed in Section 3.4.3.1.

3.4.2.2 Supporting Automatic Analysis of Computational Models Using Abstract Syntax Trees

We have developed analytical tools to represent students computational models as abstract syntax trees

(ASTs) (Bille, 2005) to compare the tree edit distances (TED) to correct implementations (cf., Bille, 2005).

ASTs provide a �exible, compact, and extendable representation, where semantic information can be embed-

ded into the tree structure to enable more in-depth analysis of a program (Rabinovich et al., 2017). ASTs,

often used in compilers to represent a computer program's structure (Grosch and Emmelmann, 1990), have

been used for code evaluation (Baxter et al., 1998) and to examine students' code construction processes
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(Neamtiu et al., 2005). Our research lab has leveraged the latter approach to evaluate students model con-

struction processes in CTSiM (Basu et al., 2014) and �nal code performance in SPICE (Zhang, 2020).

This approach is optimized by the use of DSMLs, as the modeling language is the same for all students and

not prone to differences resultant when students are required to construct and name custom blocks (Hutchins

et al., 2020b). Moreover, the development of the DSML representations is aligned with the learning design

and objectives of the curriculum to support linkages between the computational model build and concepts

and practices targeted through assessment.

We apply semantics-preserving transformations to standardize the ASTs (e.g, equalizing semantically

isomorphic expressions total rainfall< absorption limit and absorption limit> total rainfall) (Xu and Chee,

2003). Therefore, syntactically different but semantically isomorphic code representations will have an equal

TED result. Figure 3.9 shows a snippet of a standardized AST reconstructed from the log data. This snippet

contains the subtree speci�c to the “total rainfall is equal to absorption limit” rule (or condition).

Figure 3.9: Abstract syntax tree representation of equal-to subtree in SPICE computational model

3.4.2.3 Modeling and Engineering Activity Data Processing

Student actions in the SPICE environment were recorded in two parts: (1) logged timestamped student actions

and (2) interaction with the visual interface and associated simulation composition (e.g., the design history

and system calculated total runoff). The latter were recorded using the Cloud Variables RPC (Broll, 2018).

Student computational modeling actions are recorded in log �les with timestamps. Interpreting actions is

more productive if we can associate them with the speci�c goals students may have when performing a set of

actions. For analysis, student actions are represented at a level of abstraction, so that action patterns can be

interpreted as students' model-building processes with semantic and contextual interpretations Werner et al.

(2013). In order to represent students' actions at a level of abstraction that makes it easier to interpret their

model construction and debugging behaviors, following previous work (e.g., Basu et al., 2017), we created

a task model that is illustrated in Figure 3.10. We extract and interpret students' action sequences during

computational modeling that are linked to code assessment and code construction.

Finally, Figure 3.11 shows example actions logged with the Cloud Variables RPC, including RunSim-
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Figure 3.10: C2STEM computational modeling task model

ulation and ChangeMaterial. For the ChangeMaterial logged action, we evaluated when the student was

changing the material of a square in single mode (one square representation seen in Figure 3.6) or in the 4x4

mode (seen in Figure 3.7). For the single mode, we are able to monitor how many different materials each

student tested during the computational modeling phase. In the 4x4 mode, we track the total cost and the total

runoff limit of their built design, the total number of squares not in the default state, and the overall status

(e.g., how many blocks of each material are present). When a student clicks the green �ag to test their design,

the RunSimulation log records the total rainfall, total absorption, and total runoff as well as the construction

status at the time of the RunSimulation.

Figure 3.11: SPICE engineering design logs (Zhang, 2020)

3.4.3 Analysis Techniques

To answer our research questions, we (1) leveraged our ECD-developed rubrics to score student tasks and

assessments and applied statistical analysis to explore the impact of the intervention on students integrated

learning, (2) applied correlation analysis andPath Analysisto examine the impact of computing on the learn-

ing of science and engineering, and (3) implemented an exploratory clustering algorithm to describe aggregate

characteristics of students' behaviors as they relate to learning in each domain.
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3.4.3.1 Scoring Student Packets and Assessments

Students completed a paper-and-pencil pre-post assessment that was split into a science and engineering

component and a CT component (McElhaney et al., 2020). Science and engineering tasks were aligned with

a number of Next Generation Science Standards (NGSS) Performance Expectations in Earth science and

engineering (NGSS Lead States, 2013). Of the �ve science and engineering tasks, three asked students to

apply an engineering practice to the solution of a water runoff problem, one asked students to develop a model

of water runoff in a context different from the SPICE, and one asked students to apply an engineering practice

to the solution of a problem unrelated to water runoff. For example, in one task, students compare two street

designs based on criteria related to water runoff performance, usage, and cost. The science and engineering

task rubrics measured the extent to which students could apply the focal science and/or engineering practice to

the water runoff context and/or other engineering design criteria. The CT assessment tasks were aligned with

the CT concepts and practices addressed in the runoff CM. Students could score a maximum of 23 points

on science and engineering and 13 points on CT. The rubrics used for coding and scoring the tasks were

updated from our previous work. Two researchers received 5 hours of training on the rubrics, and following

an interactive grading procedure established inter-rater reliability (Cohen'sk at 0.8 level on all items). All

differences in the coding were discussed and resolved before the remaining submissions were graded by a

single researcher.

Students' �nal runoff compurational models were logged and scored using a rubric targeting conservation

of matter rules and conditional statements for the different rules. The rubric rewarded four main criteria of the

compurational models: (1) assigned appropriate values to the total rainfall and absorption limit variables, (2)

included code for three conditional statements that compared the total rainfall and absorption limit variables,

(3) updated the absorption and runoff variables correctly for each of the three conditions, and (4) code is

generalizable (e.g., assigned variables to expressions rather than to hardcoded numeric values).

Students completed a paper-and-pencil workbook over the course of the unit. We scored and analyzed

student responses to speci�c workbook activities such as the conceptual modeling tasks, dice game activities,

test case identi�cation tasks, and a CM debugging task. A series of four student conceptual models and cor-

responding written explanations were scored based on their adherence to the conservation of matter principle

and articulation of the causal relations governing the �ow of rainwater. We also scored student performance

on the dice games that introduced students to CT skills. Each of the four games were scored based on whether

students could correctly evaluate conditional statements and interpret variable assignment statements . We

report dice game scores only for students who documented outcomes from all four games (n = 62). We scored

students' choice of test cases for testing the three rules in the runoff CM for a material of their choice based
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on whether the test cases address each of the model's three rainfall conditions. We scored a debugging task

where the variable assignment for the absorption and runoff variables were �ipped for a particular condition.

Finally, we scored student responses to formative assessments based on time of implementation. Concep-

tual modeling formative assessments targeted students' ability to interpret and evaluate provided conceptual

models based on their developing science knowledge. Computational modeling tasks assessed students' abil-

ity to predict the output of given computational models, identify errors, and �x buggy computational models.

Finally, engineering design assessments targeted students' ability to implement fair tests and evaluate design

solutions.

3.4.3.2 Evaluating Student Performance Over Time

Our initial exploration targets the identi�cation of correlations between curricular tasks and learning perfor-

mance in science, computing, and engineering. We implement Spearman's correlation on the normalized

student results (scored using the ECD rubrics, described above) on key CT tasks.

To extend this analysis, we applyPath Analysisto study the relationship between science, engineering,

and CT learning in SPICE. We hypothesized that students' knowledge gains, the behaviors they developed,

and their performance in the tasks they worked on would in�uence their learning, behaviors, and performance

in subsequent tasks and assessments in the SPICE curriculum. Path Analysis can be seen as a variation of

Structural Equation Modeling (Kline, 2015) without the latent variables. In many ways, the methods used

for path analysis can be related to work in deriving Bayesian causal models from data (Ellis and Wong,

2008; Hagger and Hamilton, 2018). We hypothesized the causal paths shown in Figure 3.12 among the

different tasks students performed in the SPICE. In particular, we used Path Analysis to study the relationship

between science, engineering, and CT learning in the SPICE, with a particular emphasis on the CT tasks.

We hypothesized that students' knowledge, behaviors, and performances could in�uence their subsequent

learning behaviors, performances, and summative test scores in the SPICE curriculum. Conceptually, we

hypothesized causal paths as shown in Figure 3.12. Each arrow in the diagram indicates a direct effect on the

endogenous variable from the exogenous variable. The horizontal positions of the variables also correspond to

their temporal order in the SPICE curriculum (pre-tests� unplugged CT activities� computational modeling

� post-tests).

3.4.3.3 Grouping students based on computational modeling and engineering design behaviors

The open-ended nature of computational modeling and engineering design paves the way for students to adopt

different learning and problem-solving strategies, thereby demonstrating a variety of learning behaviors. Due

to these varieties, our approach targets forming aggregate characterizations of student behaviors during the
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Figure 3.12: A hypothesized path model of the direct effects on the different categories of learning behavior
and performance variables

Table 3.2: Selected features (marked with an *) and descriptions.

Metric Description

Computational Model Edits* Percentage of model construction actions
Computational Model Testing* Percentage of single-mode model testing (with material selection)
Computational Model Edit Size Average number of consecutive model edits between play actions
Unique Rainfall Tests* Percentage of unique values of rainfall tested
Avg Material Tests* Average tests per unique material
Materials Tested* Percentage of possible materials tested
Engineering Design Edits Percentage of engineering design edit actions
Total Complete Design Tests* Proportion of engineering design tests per engineering design actions
Engineering Design Edit Size Average number of consecutive design changes between design tests
Satisfying Tests* Percentage of satisfying design tests out of all tests conducted
Euclidean Total* The extent to which a learner explored the eng. design experiment space
Lowest Runoff Score The lowest calculated runoff value for all satisfactory design tests

computational modeling and engineering design units, rather than evaluating individual behaviors. Features

selected for this exploratory clustering analysis are detailed in Table 3.2. Initial features were selected based

on past analyses (e.g., Zhang et al., 2017, 2022). We apply a correlation-based �lter method comparing the

normalized mean values for features to students science, CT, and engineering learning gains to evaluate each

feature's signi�cance in the learning process. Features that were not highly correlated were removed (for

instance, the Average Design Edit Size, see Table 3.2) and features that were highly correlated, but were also

highly correlated with other features were �ltered based on researcher input. After this pre-processing step,

we ran the K-means clustering algorithm on the selected feature set to group students by common behavior

characteristics across the two units. We used silhouette analysis to identify the optimal cluster size. Finally,

we evaluate resulting groups based on their summative and formative task performances in each domain,

discussing the potential impact learning behaviors of each cluster had on domain-speci�c learning.
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3.5 Results

3.5.1 RQ1: How effective is our integrated SPICE learning by modeling and problem solving curricu-

lum, with its sequencing of science, computing, and engineering design support student learning

across the three disciplines?

Students' pre-post test scores were compared to determine their learning gains in science, engineering, and

CT. We conducted Kolmogorov-Smirnov tests on the assessment scores and found that the data was normally

distributed. Therefore, we used the pairedt-test to measure the statistical signi�cance of the difference in the

pre-post scores. As shown in Table 3.3, all differences are statistically signi�cant with moderate (� 0:5) to

large (� 0:8) effect sizes.

Table 3.3: Students' (n=99) learning gains and effect sizes (Zhang et al., 2022)

Total Points Pretest(SD) Posttest(SD) p-value Cohen'sd

Science 7 4.56(1.03) 5.13(1.04) < 0.001 0.54
Engineering 16 8.73(2.62) 10.50 (2.67)< 0.0001 0.67
Computing 13 6.23(2.60) 8.41(2.69) < 0.0001 0.83
Overall 36 19.52(4.47) 24.03(4.39) < 0.0001 1.02

Table 3.4 provides a break-down of scores for high- and low-performing students based on the median

scores of the pretest and the posttest (Zhang, 2020). The results show that although 12 low performing stu-

dents moved into the high-performing category, the majority of the low performers remained low performers.

As such, further work needs to be conducted to improve support for low performers. We discuss this further

in the Conclusions.

Table 3.4: Confusion matrix of qualitative change in summative assessment performance.

Posttest

High Performers Low Performers

Pretest
High Performers 36 12
Low Performers 12 39

3.5.2 RQ2: What is the role of computational thinking in facilitating learning of science and engi-

neering concepts and practices?

To evaluate this question, we �rst conducted correlation analysis using Spearman's correlation investigating

the impact of key curriculum tasks. The calculated Spearman'sr values (Kokoska and Zwillinger, 2000) are

reported in Table 3.5. Statistically signi�cant correlations are marked in bold font. The �rst three columns

are key CT tasks that may impact student learning over SPICE, including the pre-CT test, the unplugged Dice
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Game and Debugging tasks (described in the SPICE section), and Rule Creation Task (Figure 3.4b). The

remaining columns include the pre-Science and Engineering test, the Conceptual Model (Figure 3.4a), the

Computational Model (Figure 3.6), and Engineering Design Max Score (Figure 3.7). Finally, the bottom-two

rows include the the Science and Engineering posttest and the CT posttest, to correlate performance in each

column with overall learning performance.

A key results from this analysis is the correlation between the conceptual model, the rule creation task,

and the debugging task on science and engineering post-test performance. For CT, the rules, dice game,

test cases, and the computational model score were highly correlated with post-test CT performance. It is

important to note the signi�cant correlation result between pre and post test performance, which is associated

with the identi�cation of needed support for lower performing students in the previous section.

Table 3.5: Spearman'sr 's of the CT scores (statistically signi�cant correlation coef�cients, **p < 0:01, *
p < 0:05)

Pre-CT Rules Dice Debug Pre-Sci+Eng Concept. Comp. Eng. Score

Rules 0.184

Dice 0.20* 0.36**

Debug 0.26** 0.35** 0.31**

Pre-Sci+Eng 0.39** 0.30** 0.18 0.23*

Conceptual 0.19 0.32** 0.14 0.28** 0.21*

Computational 0.20 0.32** 0.06 0.09 0.13 0.05

Eng Score 0.14 -0.05 -0.16 -0.11 0.10 -0.07 -0.07

Post-Sci+Eng 0.07 0.47** 0.18 0.26** 0.41** 0.39** 0.04 -0.10

Post-CT 0.62** 0.31** 0.20** 0.23** 0.43** 0.20 0.24** 0.08

We hypothesize that the rule creation task and the debugging task prove to be key CT applications to

support (1) multiple representations of the key science phenomenon linking each domain (e.g., representing

and exploring dif�cult science concepts in computational form) and (2) applications of key problem-solving

skills that require applications of developing science knowledge to complete and that systematic testing and

evaluation practices. For the rules, students needed to apply conditional logic to what they learned in the

conceptual modeling section. For the debugging task, students needed to leverage their science knowledge to

identify errors in a provided computational model and correct those errors.

Based on these results, we then implemented Path Analysis considering our hypothesized path model

illustrated in Figure 3.12 using the IBM®SPSS®Amos software. We combined the pre- and posttest perfor-
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mance to evaluate the impact of the CT tasks on overall student learning. We modeled a total of 10 direct

effects from the 5 variables in the path diagram. These included the pretest, posttest, and computational

model score as well as the Rules Creation Task and Debugging, identi�ed as highly correlated to student

learning above. Results are shown in Figure 3.13. We calculated the model-�tting statistics as compared to a

baseline model (Schreiber et al., 2006):c 2 = 75.472 (DF=10,p-value< 0.000). The root mean square error

of approximation (RMSEA) was< 0.000 (< 0.06 threshold) and the comparative �t index (CFI) was 1.000

(> 0.9 threshold). In Figure 3.13, statistically signi�cant correlation coef�cients are labeled as **p < 0.001

and *p < 0.01.

These results extend our previous �ndings, above. Of note is the Rule Creation Task and its impact on

the computational model score and overall student learning. We hypothesize that the computational model

score may not be indicative of student learning, as student may have reached a threshold following the Rules

Creation Task and its support of the translation into computational form. It is important to discuss the high

signi�cance of the pretest performance on posttest performance. This relates to our �ndings for RQ1 and

further emphasizes the need for additional work to better support and engage students that begin with lower

prior knowledge scores.

Figure 3.13: Discovered causal paths.

To further our analysis, particularly the impact of model representations and applications of key CT skills

and processes seen in these results (such as debugging), we applied cluster analysis to evaluate student group

behaviors as they transitions from computational modeling to engineering design and how those behaviors

may have impacted learning.
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3.5.3 RQ3: What kind of effective and ineffective strategies do students employ in their model-

building tasks and how do these strategies correlate with their science, CT, and engineering

learning?

We applied the K-means clustering algorithm on the subset of metrics picked by feature selection. Using

silhouette analysis, we identi�ed the optimal cluster size of 3. The Euclidean metric was used as the distance

measure, and 1000 random restarts were performed to mitigate the effects of initial cluster center selection.

Table 3.6 summarizes the mean values (and standard deviations) of the metrics for all of the derived clusters.

Table 3.7 provides the mean values (and standard deviations) of each clusters pre-post performance and

learning gains in each domain. Finally, Table 3.8 provides each cluster's results on key curriculum tasks over

the course of the integrated curriculum.

Table 3.6: Cluster means (and standard deviations) of computational modeling and engineering design be-
haviors.

Metric Play-it-Safers (n=34) Explorers (n=53) CT Strategists (n=12)

Computational Model Edits % 69.65(8.10) 56.08(7.84) 54.45(12.89)
Computational Model Testing % 17.00(5.67) 33.24(9.60) 30.56(11.33)
Unique Rainfall Tests % 23.54(8.25) 24.13(7.03) 46.26(20.83)
Avg Material Tests 2.73(1.36) 2.03(0.92) 4.14(2.30)
Materials Tested % 37.75(18.94) 74.84(21.59) 31.94(11.14)
Total Complete Design Tests % 7.26(4.57) 9.72(5.46) 18.38(14.80)
Satisfying Tests % 73.88(24.94) 55.64(19.37) 56.34(25.65)
Euclidean Total 8.26(7.36) 33.07(23.96) 20.47(20.89)

Table 3.7: Means (and standard deviations) of learning performance by cluster.

Cluster Play-it-Safers Explorers CT Strategists

SCI Pretest (7) 4.26(0.93) 4.74(1.04) 4.67(1.15)
SCI Posttest (7) 4.94(1.07) 5.25(1.05) 5.17(0.94)
SCI Learning Gains -0.06(0.82) 0.17(0.56) 0.10(0.61)
ENG Pretest (16) 8.22(2.56) 9.06(2.36) 8.71(3.75)
ENG Posttest (16) 9.81(2.18) 11.08(2.46) 9.83(4.12)
ENG Learning Gains 0.35(0.35) 0.17(0.66) 0.16(0.55)
CT Pretest (13) 6.01(2.66) 6.25(2.56) 6.75(2.73)
CT Posttest (13) 8.50(2.92) 8.34(2.60) 8.46(2.59)
CT Learning Gains 0.18(0.50) 0.40(0.38) 0.00(1.34)

The �rst cluster is de�ned by their high percentage of construction and material change actions (high

percentage of computational model edits and low percentage of complete design tests to engineering design

actions), their low testing variety (low unique rainfall, materials tested, and euclidean distance), and their
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Table 3.8: Means (and standard deviations) of performance in formative tasks (max scores in parentheses).

Cluster Concept. (4) Rules (10) Dice Game (8) Comp. (15) Eng Max Score (4.25)

Play-it-Safers 3.09(0.62) 6.61(3.09) 6.03(2.28) 13.47(3.05) 3.79(0.40)
Explorers 3.10(0.80) 7.02(2.87) 6.43(1.83) 13.51(2.18) 4.00(0.21)
CT Strategists 3.50(0.52) 8.18(2.52) 7.08(1.00) 14.42(2.02) 3.91(0.27)

high number of satisfactory engineering design tests conducted. Overall, this group tended toward a more

depth-�rst construction and design approach. During tested, they not only tested a low number of materials,

but the average test per material was also low, indicating they did not leverage the computational modeling

testing tools to explore material types. However, the group implemented a high number of single mode tests

(27.76(19.66)), indicating they may have utilized the same rainfall values to support model construction or

debugging. This limited exploration is also seen in engineering, with this group instead demonstrating a low

number of design tests, but of those, a high number of satisfactory designs.

In terms of domain-speci�c performance, this group started with the lowest average pre-test performance

in each domain. These dif�culties translated into their low conceptual, rules, dice game, and computational

model performance. By the post test, the group demonstrated the high highest learning gains in engineering

0.35(0.35) and the highest post-test performance in CT (learning gains averaged 0.19(0.50)). However, they

averaged negative learning gains in science (-0.06(0.82)).

Overall, we hypothesize that improvements in this group's testing variety may support leveraging CT as

a bridge, leveraging the science and engineering practice of planning and carrying out investigations from

NGSS (NGSS, 2013) to link material testing outcomes to what they completed during their science experi-

mentation and conceptual modeling and systematically planning engineering design changes based on what

they investigated. Positive reinforcement for this group could include their use of CT skills (another NGSS

science and engineering practice), including implementing consistent, repeated testing (e.g., re-trying rainfall

values to test conditional statements, or the rules, against their expectations) and design prototypes (thinking

through each design tests resulting in a high number of satisfactory tests).

The second cluster is de�ned by their high testing variety. This group demonstrated (1) the highest

percentage of Code Assessment actions (e.g., Computational Model Testing), (2) the highest percentage

of materials tested during computational modeling, and (3) the highest euclidean total during engineering

design testing. Added to this is the fact that this group completed the highest number of single mode tests

(37.98(20.37)) and engineering design tests (37.06 (18.70)). Two factors seemed to impact this successful

application of this approach: the low average tests per material (it was below 3 indicating that each of the
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three rules was not checked per material) and the low testing percentage during engineering design (indicating

the group may have implemented major design changes each time and not fair tests). Moreover, this group

had the lowest percentage of satisfactory engineering design tests.

In terms of domain-speci�c performance, this group began the curriculum as the highest science and

engineering performers on the pre-test, remaining the highest with slight average learning gains in each

domain (science, 0.17(0.56); engineering, 0.17(0.66)). The group demonstrated the highest average learning

gains in CT (0.40(0.37)), but in had the lowest post-test average in the domain. Their formative tasks were

akin to cluster one.

Overall, we hypothesize this group may also bene�t from scaffolding or instructional support on produc-

tive testing strategies. Distinct from the �rst cluster, this group may need support on the science practices

of obtaining, evaluating, and communicating information and developing and using models. For instance,

their unsystematic approach to testing may be supported by tasks that force them to evaluate and re�ect on

each test based on their developing science knowledge, and explain why they are changing a rainfall value or

material for subsequent tests. Positive reinforcement for this group includes the variety in material testing,

which could have been resultant from their stronger prior science and engineering knowledge. This approach

may have supported the contextualization of different CT concepts, such as conditional logic, which has been

shown as a bene�t of scienti�c computational modeling (e.g., (Sengupta et al., 2013)).

The �nal cluster is de�ned by their unique computational modeling testing approach. This group indicated

the highest percentage of code assessment actions and unique rainfall tests. In addition, of the materials tested

(albeit, a low number of materials tested) the group had the highest number of different tests per material

(above 3, indicating they potentially checked each rule for each material). Their engineering design behavior

differed from the other two groups in that they demonstrated the highest percentage of tests per actions. The

group also implemented a low average number of satisfying tests, while falling in between in terms of the

solution space explored. Interestingly, this group completed the highest total number of engineering tests

(41.67 (34.40)).

In terms of domain-speci�c performance, this group began as the strongest CT group on the pre-test,

which seemed to support their performance in the Rules and Dice Game unplugged activities as well as

achieving an almost perfect computational model score. This intervention also supported learning gains in

science (0.10(0.61)) and engineering (0.16(0.55), the lowest overall learning gains in this domain), perform-

ing as the middle group in each domain. It is interesting to note that the group performed the best on the

conceptual model activity, perhaps supported by their strong pre-science and CT tests.

Overall, we hypothesize this group could be supported by (1) the science and engineering practice of

planning and carrying out investigations (NGSS, 2013) and (2) increased variety in material testing to support
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the linkage between science, computing, and engineering. The productive testing that occurred to construct

and debug the computational model did not translate to successful engineering design tests. This group

seemed to lean on their strong CT background to construct a correct computational model, but may not have

leveraged all computational tools to link the domains. Positive reinforcement for this group may include that

strong computational testing approach (part of the practice of developing and using models), and in particular,

strategically testing each material multiple times (perhaps to check their rule implementations).

The three groups demonstrate successes in and opportunities for how model-building and problem-solving

behaviors can support students' learning in science, CT, and engineering. On the one hand, rainfall testing

strategies seem to support successful CT applications, and in particular, checking if each conditional block be-

haves correctly. And on the other, material testing in the computing phase may be bene�cial in supporting the

linkage between computing and science and engineering, connecting computational output to prior science

experimenting, and preparing students to think critically about engineering design changes. It is important to

note that no group excelled in every domain and top performers in each domain had room for growth. We

believe this indicates that our curriculum provides a unique opportunity to engage with all students.

3.6 Conclusions and Future Implications

This research provides one of the �rst instances of an NGSS-aligned curricula that provides an integrated

framework for science, CT, and engineering. Using the SPICE learning environment, students constructed

multiple, linked representations to model the water runoff phenomenon and developed key problem-solving

skills to construct computational models and use them to solve a complex engineering design problem. Our

�ndings indicate that this integrated curricular approach supports learning in each domain and the signi�cant

correlations between science, engineering, and CT learning indicates the synergistic nature of that integrated

learning. In addition, this research examines how computing can strengthen the existing connections be-

tween science and engineering. We have demonstrated the role of computing in (1) providing a resource for

addressing complex science and engineering problems that can't be physically represented and (2) supporting

the development of testing and problem-solving skills.

To answer research question one, we demonstrated science, CT, and engineering learning over time

through a system of assessments, including the domain-speci�c pre-post tests, formative assessments, and

curriculum tasks, scored using ECD-developed rubrics. The application of these assessments targets the

dearth of domain-speci�c formative assessments in each domain as well as an innovative curriculum ap-

proach for integrating both computing and engineering at the lower and middle school grade levels.

To answer research question two, results from Path Analysis demonstrate that students' learning in SPICE

is strongly associated with applications of computing skills. In particular, unplugged CT activities, such as
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the Rule Creation and Debugging tasks demonstrated signi�cant impact in student learning in science and

engineering. We hypothesize this is supported by students' learning through multiple, linked representations.

Such learning approaches can provide students a more complete depiction of a dif�cult science phenomena

and support students in deriving linkages between the representations (Ainsworth, 2006; Frederiksen et al.,

1999). These tasks supported the translation of science knowledge into computational form (in this case,

creating pseudo-code and using science knowledge to debug a code-snippet provided on paper). Coupled with

the bene�ts of productive computational modeling behaviors (such as robust testing of rainfall and materials),

we believe these �ndings relate to the leveraging of computational models as tools to simulate phenomena

that are dif�cult to replicate physically, as students �rst understood the underlying science represented in the

computational model and were then able to try a variety of materials (a gap indicated in the literature review).

To answer research question three, results from clustering demonstrate the impact of students' problem-

solving behaviors on science, CT, and engineering learning. Depth-�rst approaches to computing and engi-

neering seem to have a negative impact on science learning. This can be seen in Cluster One, and related to

prior research (e.g., Zhang et al., 2021). Seemingly opposite, while high exploration may support learning

in CT through the contextualization of dif�cult CT concepts, the approach seems to limit engineering learn-

ing as students do not systematically leverage the science and engineering practice of planning and carrying

out investigations (as seen in Cluster Two). Finally, we see that translating productive computing skills to

engineering design can be a complex task in need of additional instructional or scaffolding (for instance,

with Cluster Three). These results support deeper investigations into using analytics approaches to evaluate

learning and problem-solving behaviors using OELEs.

We recognize limitations in our research. In the future we aim to increase our student population to

determine whether our statistical analyses and clustering results hold. Moreover, we aim to diversify our

student populations and evaluate the impact of this “real world” approach on more students and determine if

further customizations are needed to better engage students in this dif�cult curriculum. The feature selection

process was also vulnerable to bias and we aim to use more robust selection processes, such as a Sparse

Clustering method Witten and Tibshirani (2010). Finally, all groups identi�ed through clustering indicated

room for growth. Based on our performance and behavior results, we will target the development and analysis

of instructional responses and formative feedback to help students develop good testing skills, targeting the

key science and engineering practices discussed in our results.
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CHAPTER 4

Manuscript Two: Co-Designing a Teacher Dashboard to Support Evidence-Based Instruction During

Problem-Based Learning in Middle School Science

The modern classroom is increasingly changing. On the one hand, social and technological advancements

have ushered in increased calls for designing inclusive educational opportunities that engage students in real-

world, student-centered, inquiry-based Science, Technology, Engineering, and Mathematics (STEM) learning

(NGSS, 2013; NRC, 2014). These approaches immerse students in open-ended, constructivist learning op-

portunities such as problem-based learning (PBL; Hmelo-Silver, 2004), that support technology-enhanced

problem solving and knowledge construction (Freeman et al., 2014; Hutchins et al., 2020a). Simultaneously,

advancements in arti�cial intelligence(AI)-based learning analytics approaches have increased our knowl-

edge on student learning pathways, targeting students' individual needs and successes to allow for curricular

adaptations (Graesser et al., 2012; Khribi et al., 2015). The combination of these directions poses a challenge

- how might we leverage advancements in our understanding of students' technology-enhanced learning and

problem solving to better support classroom teachers in implementing PBL in their K-12 classrooms?

Problem-based learning that incorporates real-world, student-centered, inquiry-based STEM learning has

proven effective in engaging K-12 students in learning dif�cult science, computing, and engineering concepts

and practices (Hmelo-Silver, 2004; Hsu et al., 2018; Zhang et al., 2022). However, limitations exist in the

implementation of these approaches in K-12 classrooms. From the student perspective, students that do not

have experience in these approaches struggle on tasks that require both knowledge and skill development in

combination with developing self-regulation and maintaining motivation (Hmelo-Silver and Barrows, 2015).

From the perspective of integrating science with domains such as computing and engineering, students strug-

gle translating their developing science knowledge into computational form and/or to support engineering

design (Sengupta et al., 2013; McElhaney et al., 2020) and applying systematic testing, debugging, and eval-

uation strategies to improve their solutions (e.g., computer models, engineering designs; Basu et al., 2016b;

Zhang et al., 2021).

From the teacher perspective teachers must cultivate nuanced pedagogical practices designed to facilitate

student-centered learning and provide in-time, evidence-based student support in line with the learning design

(Gomoll et al., 2022). The dif�culties of this process are exacerbated in technology-enhanced PBL as:

• student thinking is actualized through user-face interactions (Walkoe et al., 2017), and students often

do not ask for or know they need help (Aleven et al., 2015),
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• student-centered PBL approaches are linked to open-ended learning (c.f., Zhang et al., 2021; Biswas

et al., 2005), and this openness implies a variety of approaches that students can take in their learning

and problem-solving tasks, of which the teacher must be prepared to respond to when necessary, and

• little guidance is provided on how teachers may support students in meeting the expectations of inte-

grating across disciplines to support PBL (e.g., NRC, 2014; NGSS, 2013), especially considering many

science teachers do not have computing, pedagogical, and content knowledge for such learning designs

(Bocconi et al., 2016; Cunningham and Carlsen, 2014).

As such, supporting teachers in the facilitation of PBL approaches in their classrooms is a research priority.

As computer-based environments are being developed to implement PBL curricula, we have been able to

more deeply understand student-centered learning processes and the learning and problem-solving strategies

they employ through advances in arti�cial intelligence and machine learning algorithms (Zhang et al., 2021).

Speci�c to our work integrating problem-based learning opportunities integrating science, computing, and

engineering, these advances leverage machine learning to identify productive and unproductive debugging

strategies during computational modeling (Grover et al., 2016; Emara et al., 2021; Zhang et al., 2021) and

systematic prototyping practices in engineering design (Vieira et al., 2016; Xing et al., 2021), evaluate student

written responses through natural language processing (Bywater et al., 2019; Cochran et al., 2022), and group

students based on learning and problem-solving behaviors to explore the nuances in students' strategies and

how they impact learning through clustering analysis (Zhang et al., 2017, Manuscript One of this Disserta-

tion). While these approaches have advanced our understanding of how students' learn and problem solve,

more research must target the complex task of translating what we know as scientists and researchers into

a language that classroom teachers can interpret and convert to actionable information (Wiley et al., 2020).

While it is important to generate analytics that characterize different approaches students can take (e.g., by

clustering or mining), it is equally important to help teachers customize the characterizations, so that they

can convert them into actionable information - for class instruction, or to aid students individually or in small

groups.

Integrating teacher insight into the design and development of instructional-support technology through

co-design can help ensure alignment of that technology with teachers' needs, preferences, constraints, and

goals of their practice (Matuk et al., 2016; Prieto et al., 2019). However, these approaches typically leverage

insight from teachers experienced with the technology and for application of non-student-centered curriculum

approaches (e.g., teacher integration of intelligent tutoring systems in their classroom; c.f., Holstein et al.,

2019), and are designed to help students get “back on track” (Haklev et al., 2017) as opposed to supporting

engagement in the disciplinary substance of students' ideas and problem-solving processes. Simultaneously,
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advances in learning analytics and data visualizations have demonstrated the positive impact of dashboards in

supporting instructor facilitation of PBL (e.g., Chen et al., 2021); however, these efforts are still in infancy and

co-design work has rarely focused on the development of instructional-support technology for the facilitation

of K-12 PBL (Hutchins and Biswas, 2022). Integrating teacher insight into the creation of such technology for

PBL applications is critical for (1) coming to a shared understanding about how responsive teaching practices

are generated in face-to-face, PBL implementations (Gomoll et al., 2022), and in particular technology-

enhanced approaches, and (2) increasing our understanding of the sensemaking processes inherent in moving

from understanding and interpreting learning analytics feedback and developing evidence-based responses

(Campos et al., 2021).

This work presents a novel, end-to-end demonstration of how to engage teachers in the development

of learning analytics and visualization systems in the form of dashboards that support PBL curriculum ap-

proaches in K-12. In the process, we adapt established participatory design techniques and demonstrate new

kinds of prototyping methods to address the unique challenges of co-designing teacher-support technology

for PBL curriculum applications, speci�cally technology-enhanced, problem-based curricula integrating sci-

ence, computing, and engineering. For example, this work addresses co-design issues, such as the need for

stakeholder training and support for meaningful contributions (Cook-Sather, 2014) by integrating prototyp-

ing sessions with real student data into teacher professional development on the PBL curriculum to connect

teachers' experience with and understanding of factors impacting the curriculum design in their classroom to

prior student experience illustrated through data visualization.

We leverage conjecture mapping (Sandoval, 2014) to demonstrate how teachers adapt the design, and

provide design narratives (Hoadley, 2002) to detail the co-construction, evaluation, and implementation of

design decisions made, culminating in the implementation of the Responsive Instruction for STEM Education

(RISE) teacher dashboard (Hutchins and Biswas, 2022). Finally, we share re�ections on changes made to our

dashboard tools, and how these co-design approaches helped inform technology re�nements and innovation

to support the teaching of PBL in science classrooms. In doing so, this research aims to contribute precedent

knowledge (Oxman, 1994) of PBL instructor-supporting technology design recommendations and useful co-

design procedures.

The organization of the paper is as follows. We �rst provide background on responsive teaching to facili-

tate technology-enhanced, PBL in K-12 science classrooms and how co-design has been used to support tech-

nological innovations, in particular, instructor support technology (Section 4.1). This includes descriptions of

limitations in the existing literature that our co-design methods target. We then present our methods (Section

4.2), including the instructional context targeted by our instructor-support technology, design perspectives

that frame our design process, background on our participants, a high-level overview of our co-design meth-
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ods, and data collection and analysis procedures. This is followed by our design narratives (Section 4.3),

detailing each co-design method and design decisions made, and overarching teacher feedback on designing

instructor-support technology for PBL classroom implementations. Next, we provide illustrative examples

of RISE's use through teaching simulation activities to demonstrate the usage of co-design modi�cations by

teachers (Section 4.4). Finally we close with a re�ections of our process and recommendations for future

co-design efforts targeting PBL curriculum applications (Section 4.5), and concluding remarks (Section 4.6).

4.1 Literature Review

The goal of our technology development is to facilitate responsive teaching of PBL by providing co-designed

instructor-support technology with learning analytics and visualizations that areinterpretableandactionable.

This section examines prior work in technology-supported responsive teaching and the co-design of such

technology.

4.1.1 Responsive Teaching for Technology-Enhanced, Problem-Based Learning in Science

Research on teaching with technology has focused primarily on teachers' use of technology, including

their competency with and beliefs about how and when to use technology in their classrooms (e.g., Mishra

and Koehler, 2006). Recent work has explored curriculum and assessment design and modi�cations with

technology-enhanced learning environments (Kali et al., 2015). However, limited research has explored

technology-supported responsive teaching, or noticing, interpreting, and responding to the disciplinary sub-

stance of student thinking (Walkoe et al., 2017; Sherin et al., 2011), while students use technology and there

has been limited impact of incorporating teacher noticing with the design and implementation of K-12 class-

room technology (Walkoe et al., 2017).

Technology-enhanced learning environments provide new opportunities for students to engage in authen-

tic science practices (e.g., NGSS, 2013) and generate explanations of their developing STEM knowledge

(Bywater et al., 2019; Slotta and Linn, 2009). Students' interactions with the technology can afford a unique

perspective into the progression of student knowledge and thinking as they engage with computing tools

(Noss and Hoyles, 1996) and the type of thinking the students express using these tools are often those pro-

moted by the recent state and national standards (Walkoe et al., 2017). For instance, we have leveraged student

activity data during computational modeling to evaluate student debugging and data analysis strategies during

computational modeling in science (Hutchins et al., 2019a;?).

Although these environments have the potential to support responsive teaching (Bywater et al., 2019),

teacher noticing dif�culties may be increased when students use technology-enhanced learning environments

due to:
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1. teachers' limited background in computing and teaching using technology (Bocconi et al., 2016),

2. the decreased visibility of student thinking, as it is now applied through mouse clicks and other user-

interface interactions and, therefore, not easily or readily apparent to the teacher (an important feature

of lesson design to support teacher noticing; e.g., National Council of Teachers of Mathematics, 2014),

and

3. software constraints or user-interface dif�culties that may impact teachers' abilities to adequately re-

spond to student thinking or issues (Walkoe et al., 2017).

Finally, while these environments support key processes highlighted in state and national standards, these

strategies are often not engaged in by teachers during instruction (Walkoe et al., 2017). This is particu-

larly challenging for teaching through student-centered learning approaches such as PBL, as teachers must

interpret and respond to student progress, represented through data visualizations on a dashboard, in ways

that target learning and problem-solving needs while also maintaining the intent of the learning design (e.g.,

not always address a speci�c knowledge gap through direct instruction) (Chen et al., 2021). As such, more

research and development is needed to leverage action data to provide teachers interpretable, actionable feed-

back to employ the bene�ts of effective teacher noticing and response (Wiley et al., 2020).

4.1.2 Co-Designing Instructional-Support Tools

Research in the learning sciences has continuously demonstrated the importance of integrating teacher insight

into the design and development of curriculum materials, assessments, and instructional strategies (Reiser

et al., 2000; Shrader et al., 2001; DiSalvo and DiSalvo, 2014; Könings et al., 2014). For this research, we

focus on co-design, coined by Penuel et al. (2007) to describe the collaboration between researchers and

teachers for the systematic design and construction of technology-enhanced educational innovations.

In co-design, researchers and teachers share a mutually bene�cial partnership throughout the design pro-

cess in which their roles are clearly de�ned and activities, generally situated outside of traditional work

environments, combine individual expertise to support the building of technology that addresses shared edu-

cational goals. Co-design shares assumptions and philosophies with participatory design, in which stakehold-

ers are actively involved in the design process from start to end (Muller et al., 1992), value-sensitive design,

in which the adoption of the technology is dependent on the degree that the design re�ects the users values

and needs (Friedman et al., 2002), and scenario-based designs, which focus on the context of the technology

implementation (Carrol, 1999), amongst others.

Co-design approaches have demonstrated signi�cant bene�ts. These include: (1) supporting teacher and

student learning (Penuel et al., 2007), (2) aligning educational goals and instructional strategies across mul-

69



tiple stakeholder perspectives (Barab and Luehmann, 2003), (3) creating unexpected innovations (Holstein

et al., 2019), (4) empowering participants by giving them a voice in shaping technology that impacts their

practice (DiSalvo et al., 2017), and (5) helping ensure sustainability by keeping materials relevant and usable

(Barab and Squire, 2004; Blumenfeld et al., 2000). Moreover, researchers are provided enriched opportuni-

ties to learn from teacher experience to more clearly understand teaching activities, processes, and goals that

can serve as the basis for de�ning technology requirements (Matuk et al., 2016), which is important as we

develop technologies to facilitate the complex task of engaging in students' problem-based learning (Chen

et al., 2021). In this research, we follows key co-design recommendations from the literature to leverage these

bene�ts. This includes clearly de�ning the roles of researcher and teacher partners (Roschelle and Penuel,

2006) while also allowing for an adaptable co-design process that supports teacher engagement, ownership,

and value in the design and outcomes (Cober et al., 2015).

However, challenges have limited the application of this approach, particularly in the creation of learning

analytics and accompanying data visualizations (Holstein et al., 2019). Teachers ideas about the role of

technology in their teaching is often unclear or inconsistent (Kirschner and van Merriënboer, 2013) and

teachers may hold different perspectives on student learning (Penuel et al., 2007), which may be exacerbated

by teachers' limited implementation of PBL in their classrooms (discussed above). Logistics issues include

time constraints of teachers (Penuel et al., 2007) and the need for additional training or support to ensure

meaningful contributions (Cook-Sather, 2014). Moreover, in past approaches, teachers were brought in to

the design process at a late-stage, after educational goals impacting the technology requirements are already

established (Rodr�́guez-Triana et al., 2018). Limited guidance is provided on end-to-end co-design, with the

exception of Holstein et al. 2019 and Prieto et al. 2019. However, these works do not cover student-centered

approaches such as problem-based learning curricular implementations and limited co-design research exists

that supports responsive teaching in science (Matuk et al., 2016).

The meaningful contribution of teachers in shaping learning analytics technologies, including instructor-

support technology, is a central open challenge in human-computer interaction research (Baumer, 2017). In

order to bring PBL approaches into K-12 classrooms, we need to better support teachers in noticing and

responding to the substance of students developing science, CT, and engineering ideas and the complexi-

ties in the variety problem-solving pathways students choose as they take control of their learning. Recent

research has demonstrated the effectiveness of integrating teacher insight into the creation of educational

technologies; however, co-design research supporting the creation of teacher-support technologies for PBL

implementations is scarce. This research targets this de�ciency in the literature by providing detail on the

multi-step co-design process culminating in the creation of the Responsive Instruction for STEM Education.
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4.2 Methods

4.2.1 Learning Context

This research centers on the application of the Science Projects Integrating Computing and Engineering

(SPICE) curriculum, developed as a multi-year research project supported by groups from Vanderbilt Uni-

versity, SRI International, Digital Promise, University of Virginia, and Washington State University. SPICE

is co-designed and developed through an interative, design-based process, systematically re�ning each com-

ponent of SPICE based on research studies in Tennessee (2019) and in Virginia (2018 and 2020).

SPICE supports teachers in the implementation of the Water Runoff Challenge (Zhang et al., 2020; Chiu

et al., 2019; McElhaney et al., 2020; Hutchins et al., 2021a). The Water Runoff Challenge (WRC) is a

three-week, NGSS-aligned unit that challenges students to redesign their schoolyard using different surface

materials to minimize the amount of water runoff after a storm, while adhering to a series of design con-

straints. These include the overall cost and accessibility, while providing for different functionalities for the

schoolyard (Chiu et al., 2019). The problem-based learning curriculum consists of �ve core units, illustrated

in Figure 5.1. These units include: physical experiments, conceptual modeling, paper-based computational

thinking tasks, computational modeling of the water runoff phenomenon, and engineering design, in which

students use their computational models to redesign their schoolyard. This learning context is authentic and

relevant to students facing similar problems (limited usability and pollution) in their own schools, therefore,

the WRC is potentially engaging and personally meaningful to the learners (McElhaney et al., 2020).

The WRC targets NGSS performance expectations for upper elementary and middle school Earth science

and engineering design curricula, emphasizing the movement of surface water in a system after heavy rainfall

and the human impact of this runoff on the environment. For detailed information about our curriculum,

assessments, and learning environment, please see (Manuscript One of this Dissertation).

Figure 4.1: SPICE Curriculum Progression
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4.2.2 Participants

Nine middle school STEM teachers (6 female, 3 male) participated in three design sessions. Due to varying

availability, three teachers participated in all three sessions, one participated in two sessions, and the remain-

ing �ve participated in one session. Each teacher consented to take part in the research. The teachers were

from varying urban and rural locations, including Tennessee, Illinois, Virginia, New York, Wyoming, and

the US Virgin Islands. Three teachers had prior SPICE implementation experience, one teacher had prior

experience with C2STEM (the core learning environment; Hutchins et al., 2020a), and �ve teachers had no

prior experience.

4.2.3 Design Perspectives

The complexities of problem-based learning approaches require designers of supporting technologies come

to an understanding of teaching practices in the classroom (e.g., how teachers engage and support their

students during problem-based learning designs) and out of the classroom (e.g., how teachers prepare to teach

problem-based learning and the impact of grading and other evaluation processes have on evidence-based

pedagogical adjustments) (Matuk et al., 2016). In addition, designers must develop a shared understanding

with teachers on the impact technology has on those processes. Based on this background, and that provided

in Section 4.1, we developed and implemented a codesign process to align our design requirements and

tools with the values, needs, and concerns of the participating teachers. This process included coming to a

shared understanding of what it means to support students' during student-centered, problem-based learning

in SPICE and how teacher-support tools could enable teachers to enact that support.

Design narratives have been used in the learning sciences to systematically describe the methods, pro-

cesses, and decisions made in the design of educational technology (Hoadley, 2002). The use of design

narratives targets the documentation of design examples relevant to the co-design and development of ed-

ucational technology, in particular that supportive of PBL curricula implementations. We also clarify that

our approach is not intended to communicate empirical evidence or validation. We anticipate this work will

support future research and practice for related design problems.

We adopt conjecture mapping as the approach to illustrate the design narratives (Sandoval, 2014; c.f.,

Lawrence et al., 2022). Conjecture maps have been useda posteriori to contextualize the relationship be-

tween theory, features of the learning design (embodiment), actions generated by those features (mediated

processes) and outcomes (e.g., student learning). This process emphasizes the role of emergent behaviors

leveraging the designed tools on learning outcomes, as opposed to the tools themselves (Sandoval, 2014) and

this allows us to illustrate the impact of teacher insights during codesign on the design of key technology fea-

tures. For example, insights from the codesign sessions target a deeper understanding of how teachers utilize
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the teacher-support technology in the context of a problem-based learning curriculum (design conjectures)

to determine evidence-based responses that engage in student learning and problem-solving processes during

SPICE, and how those responses support student learning in science, computing, and engineering (theoretical

conjectures). Conjecture mapping involves (1) the development of a high-level conjecture, or a theoretical

idea about the learning and context targeted, (2) de�ning the features of the learning design, including tools,

tasks, participants, etc. (embodiment), (3) describing the mediated processes generated by the embodinement

features (also known as design conjectures), and (4) describing the hypothesized interactions between the

mediated processes and learning outcomes (theoretical conjectures).

Figure 4.2 shows our team's initial conjecture map (prior to the codesign sessions). The high-level con-

jecture framing this research is that evidence-based pedagogical responses targeting learning and problem-

solving strategies, supported by a co-designed teacher dashboard, can lead to better learning for students dur-

ing problem-based learning in middle school science. This research examines the co-design methodologies

and technological tools that support the embodiment of this conjecture, the mediating processes supported,

and a re�ection of changes to our tools and design and theoretical conjectures throughout the co-design

process.

Figure 4.2: Conjecture map before the design process.

4.2.4 Overview of HCI Methods

At a high-level, our design process followed the LATUX work�ow for designing and deploying learning

analytics tools (Martinez-Maldonado et al., 2016). However, due to COVID, we have not yet completed a

classroom implementation, but aim to do so in the near future. Our approach consisted of three core design

phases: Needs Analysis, High-Fidelity, Prototype-Supported Professional Development, and Planning Pe-
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riod Simulations. As we will describe in the design narratives, choices of method used for each phase of the

multi-step design process were made adaptively, based on (1) uncertainties present in learning analytics and

accompanying visualizations, (2) teacher experience and background and methods needed to support mean-

ingful contributions, and (3) logistic concerns (e.g., time constraints, COVID protocols). A brief overview of

the design narratives describing the HCI methods used, the purpose of each case, and key insights from the

implementation, is presented below and detailed further in Section 4.3.

Table 4.1: Summary of Co-Design Techniques Used

Phase Use Key Insights
Needs Analysis For a deeper, detailed understanding of

teachers' needs, concerns, and values
using data visualizations to support
PBL instruction

For presenting new tools in which
the details for visualization had not
been concretely de�ned

For understanding the impact of
student learning and performance over
multiple, linked representations

Supported teachers in imagining how the
tools would support their pedagogical
decision-making, and changes that may be
needed

Supported researchers in explaining com-
plex learning analytics results to teachers

Example student artifacts linked learn-
ing analytics to contrasting student cases
to support discussions on noticing and
interpreting results

Linked results from multiple lessons
and domains to support discussions on the
impact of pedagogical decisions on future
tasks

High-Fidelity,
Prototype-
Supported
Professional
Development

For re�ning and extending features of
the co-designed dashboard in the con-
text of teacher PBL training

Invited comparisons to teachers' prior
implementation of PBL curricula and/or
experience in implementing the SPICE tasks
to reason about student problem solving,
learning, and how to respond

Supported the articulation of speci�c
(versus abstract) design decisions based
on interactions with the prototype's data
visualizations

Planning Period
Simulations

For identifying expert and novice PBL
teachers' responsive teaching processes
and comparing against design decisions

Provided contrasting cases of teachers' re-
sponsive teaching with RISE for researchers
to evaluate technology effectiveness in ad-
dressing design decisions

In each of these approaches, we discuss how they were implemented, how different representations were

used to open discussions, and how we grounded design decisions in evidence from the approach.
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4.2.5 Data Collection

To support a thick description (Hoadley, 2002) of our design prototypes, tools, processes, and decisions, we

used a range of data sources, mostly collected through video recordings as described in Table 4.2. All sessions

were conducted virtually and recorded using a video conferencing platform. In total, we had approximately

35 hours of video data, which we transcribed using an online transcription service. After each design phase,

members of the research team met to synthesize insights and make decisions about the next prototype phase.

Table 4.2: Data Collection by Design Session

Phase n Video Observations Prototypes Meetings
Needs
Analysis

5 2 4-hour videos, 2
1-hour videos

14 pages of
notes

3 Journey Maps
(Miro.com); 30
Google Slides

10 pages of notes; 20
slides

Hi-Fi Pro-
totype

4 4 2-hour videos, 1
1-hour video

6 pages of notes 1 interactive proto-
type

15 slides; 1 Af�nity
Diagram; 4 pages of
notes

Simulations 8 16 1-hour videos 22 pages of
notes

1 interactive proto-
type (RISE)

10 slides; 14 pages of
notes

4.2.6 Analysis

We analyzed session recordings using Af�nity Diagramming, a technique leveraged in recent codesign re-

search (c.f., Holstein et al., 2019; Lawrence et al., 2022), which allows for the clustering and re-clustering of

discourse segments to identify themes (Martin and Hanington, 2012). An general overview of our analysis

process is illustrated in Figure 4.3.

Figure 4.3: Process for analyzing discourse data from design sessions.

In order to accurately balance units of analysis, �rst divided the transcripts into smaller excerpts related to

idea units (Jacobs and Morita, 2002), in which a single topic was discussed, and observation notes were paired

based on time and relevance. Example idea units during Needs Analysis include, “I mean, domain-speci�c

results would be really useful for me, because then I could, because sometimes it's hard to know, for the kids

to articulate what's hard for them. They'll just say, this is hard, or I'm confused, or I don't understand” or

“For me, if I saw a bar graph or I saw graph and like 10 kids are right there, up front and it shows they
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didn't understand something, I can click on them and see who they were. Sometimes it's more stark if you see

things in colors and visualizations than [just] the text itself.” When all discourse was segmented, we created

an Af�nity Diagramming template on Miro and insert all idea units as post-it notes.

We then applied an iterative code development process by coding similar idea units and identifying major

themes. This process was done by building on prior research on responsive teaching with technology. For

instance, key themes identi�ed in prior co-design research served as resources for coding, includingsee

student thought processes, detect student misconceptions, help me understand the why, not just the what, and

engage in students' developing scienti�c ideas(c.f., Holstein et al., 2019; Wiley et al., 2020). Agreement on

the themes was established by internal meetings of the research team to make decisions about next steps in

the prototype process. For instance, data visualizations were created to illustrate class, group, and individual

performance in science and computing concepts and practices, targeting the excerpts above. Finally, we

used memoing (Hatch, 2002) to summarize the main ideas of the design sessions in order to document our

design process, key actionable and integrated teacher feedback, and support re�ection on changes made to

our design and theoretical conjectures. A portion of our �nal Af�nity Diagram can be seen in Figure 4.4, with

the idea units as pink and white post-it notes and blue labels identifying level-1 themes, yellow post-it notes

representing level-2 themes, and white post-it notes (with a pink background) representing level-3 themes.

Figure 4.4: Conjecture map before the design process.

4.3 Design Narratives in Co-Designing a Teacher Tool

To integrate teacher insight into the design of RISE from start to end, we implemented a series of formative

design studies with �ve teachers. Three teachers had previous experience with SPICE and two did not. The

two inexperienced SPICE teachers were introduced to the computational modeling and engineering design

curriculum prior to the co-design sessions, as we will describe below. For the purpose of these design narra-

tives, we focus on feedback that directly associate with the conjecture map. In the �nal section, we provide

an overview of all insights provided by the teachers and evaluated through the af�nity diagramming. These
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insights may support future directions for research.

4.3.1 Needs Analysis

4.3.1.1 Session activity

The Needs Analysis phase leveraged key recommendations found in the literature from Section 4.1, includ-

ing: (1) early-phase understanding of teachers' needs, values, concerns, and constraints in the context of

the the target educational technology (Martinez-Maldonado et al., 2016; Holstein et al., 2019) and (2) using

low-�delity prototyping and physical artifacts that are more inviting of teachers' feedback and critiques as

they convey a preliminary state (Matuk et al., 2016). This phase included a series of design activities adapted

from established participatory design methods including card sorting, the love letter and the break up letter,

and user journey maps (c.f., Martin and Hanington, 2012).

Understanding Experienced and Unexperienced Teachers' Needs, Values, and Concerns Regarding

PBL Facilitation Prior to Prototype Development. The �rst step of the LATUX work�ow (Martinez-

Maldonado et al., 2016) is “Problem Identi�cation.” In addition to the literature review provided above (and

in the Literature Review section of this dissertation), this step involved discussing and eliciting teacher insight

regarding (1) how they perceive the integrating PBL, concerns they have, and preferences regarding classroom

implementation, (2) what they need (e.g., educational technology requirements, curriculum and classroom

resources, etc) to facilitate the implementation of PBL, and (3) what potential actions they may take to do

support students if those needs are addressed. Distinct from prior work, this session needed to not only gain

additional insight into how to conduct and visualize learning analytics to support the delivery of actionable

insight, we needed to better understand middle school STEM teacher needs regarding implementing PBL in

their classrooms (from both experienced and inexperienced teachers). Example artifacts from each session

are provided in Figure 4.5.

First, in order to support a more free-�ow of discussion regarding teachers' goals and concerns about

teaching PBL, and speci�cally integrating computing and engineering into their science classrooms, we con-

ducted an activity that avoided use of terminology such as “learning analytics,” “arti�cial intelligence,” and

“technology support.” In the �rst step, we adapted Holstein et al. 2019's Superpowers activity, a card sorting

approach in which teachers describe and compare wanted superpowers for their job. In our approach, we:

• prompted teachers by asking, “If you were granted superpowers to better understand student learning

and the successes and dif�culties they experience during learning, what superpowers would you like to

possess?”,
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